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Abstract: Product development processes and sociotechnical systems share a common challenge: understanding how
variability propagates through interdependent activities and amplifies into unexpected systemic outcomes. The
Browning-Eppinger (B-E) model provides a stochastic framework for process risk assessment via DSM but reduces
inter-activity dependencies to scalar rework probabilities, discarding the multidimensional structure of sociotechnical
couplings. The Functional Resonance Analysis Method (FRAM) captures this structure through six coupling aspects yet
lacks a quantitative simulation framework. This paper proposes the FRAM-Extended Browning-Eppinger Simulation
(FEBS), which replaces the B-E scalar weight with a six-dimensional coupling vector aligned with FRAM aspects,
introduces a threshold-based activation function, and derives a Functional Resonance Risk Index (IRR) generalizing B-
E interface criticality. Sensitivity analysis on a synthetic airport turnaround demonstrates that the IRR ranking is robust
across 9 parametric scenarios, identifying resonance nodes undetectable by scalar DSM analysis. The IRR quantifies
resonance risk from local structural properties, not global emergent resonance.

Keywords: Design Structure Matrix, Functional Resonance Analysis Method, process simulation, sociotechnical
systems, risk index

1 Introduction

The Browning-Eppinger (B-E) simulation model (Browning and Eppinger, 2002; Yassine, 2007) remains the state of the
art for stochastic process risk assessment using Design Structure Matrices. Its discrete-event Monte Carlo framework
estimates cost and schedule risk distributions as a function of process architecture, and its interface criticality measure
provides a structural basis for activity prioritization. Process risk integration has been identified as a promising open
direction for DSM research (Browning, 2001; Browning, 2016). The Functional Resonance Analysis Method (FRAM)
models sociotechnical systems through functions characterized by six interdependency aspects (Input, Output,
Precondition, Resource, Control, and Time) and analyzes how normal performance variability can amplify through
functional couplings into unexpected systemic outcomes, a phenomenon termed functional resonance (Hollnagel, 2012).
Semi-quantitative extensions have been proposed: a Monte Carlo-based variability framework yielding the Variability
Priority Number (VPN) (Patriarca et al., 2017); and a demonstration that a FRAM instantiation is isomorphic to a five-
layer multilayer network, enabling centrality-based functional prioritization (Falegnami et al., 2020). Both contributions
acknowledge that their measurements remain defined on ordinal scales, limiting algebraic interpretability. The
development of an operational weighting schema for FRAM couplings with a full algebra of variability has been explicitly
identified as an open challenge (Falegnami et al., 2020). A structural limitation shared by both frameworks is the scalar
reduction of inter-functional dependencies. The B-E model encodes each interface as a single rework probability,
discarding the multidimensional structure of sociotechnical couplings. The same pair of functions may be simultaneously
coupled through temporal constraints, resource competition, and control dependencies (each with distinct implications for
variability propagation) yet B-E assigns a single number to the whole. This paper proposes the FRAM-Extended
Browning-Eppinger Simulation (FEBS) model, which addresses these limitations through three targeted modifications to
the B-E framework:

A six-dimensional Multidimensional Coupling Tensor replaces the scalar DSM weight, preserving the full FRAM
aspect structure within a simulation-compatible representation.

A threshold-based nonlinear activation function captures the dormant-to-active transition and superlinear
amplification characteristic of functional resonance.

A Functional Resonance Risk Index (IRR) generalizes the B-E interface criticality measure, producing a

quantitative ranking of functions by their potential to initiate resonance cascades.
A sensitivity analysis across 9 parametric scenarios (p € {50, 75,90} x B € {1.2, 1.5, 2.0}) on a synthetic airport turnaround
example demonstrates that the IRR ranking is structurally robust, determined by the six-dimensional coupling profile, not
by parameter calibration. This work is the first in a series addressing DSM-FRAM bidirectional translation, a research
agenda motivated by the hypothesis explored in the author's master's thesis (Grazzini, 2025). The remainder of the paper
is organized as follows. Section 2 reviews the B-E model and FRAM. Section 3 presents the FEBS model. Section 4
illustrates the model on a synthetic example with sensitivity analysis. Section 5 discusses contributions, limitations, and
future directions.
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2 Background

2.1 The Browning-Eppinger simulation model

The B-E model represents a product development process as a network of activities exchanging deliverables via a DSM
(Steward, 1981; Browning, 2001). Each activity i is characterized by a triangular duration and cost distribution
TriPDF(BCV, MLV, WCV) and an improvement curve 1C;modeling cost reduction in successive executions.

Dependencies between activities are encoded in two DSM planes. The first, DSMy;: € [0,1], is the rework probability, the
product of input volatility and activity sensitivity to change. The second, DSM;; € [0,1], is the rework impact, the fraction
of activity i that must be redone following a typical change in input from j.

The simulation algorithm is a discrete-event Monte Carlo process. Each run samples durations and costs, iteratively
determines the active activity set under a defined work policy, advances time to the next completion event, and
probabilistically checks for first- and second-order rework generation. After r runs, determined by stability criteria on
mean and variance, the model produces cost and schedule distributions. An analytical output of the model is the interface
criticality measure:

Criticalitysij = [DSM;: - DSMj;2 - ICj - ActSj ] - [second-order terms]... (1)

where ActS; is the expected duration of activity j and the subscript S denotes schedule criticality. As noted in the original
formulation, a closed-form solution including all higher-order terms is difficult to derive for large networks (Browning
and Eppinger, 2002); in practice, second and higher-order terms are disregarded, yielding the first-order approximation.
This measure quantifies each interface’s contribution to schedule risk and constitutes the structural precursor to the IRR
proposed in Section 3.

2.2 The Functional Resonance Analysis Method

The FRAM models sociotechnical systems through functions, discrete behavioral units, each characterized by six aspects
describing its relationships with the rest of the system: Input (1), Output (O), Precondition (P), Resource (R), Control (C),
and Time (T). Functional couplings emerge when the output of an upstream function becomes an input, precondition,
resource, control, or temporal constraint for a downstream function.

Functional resonance is the central emergent phenomenon of FRAM: normal variability across multiple functions
synchronizes and amplifies through coupling chains to produce systemic effects disproportionate to their individual causes.
This is not a deterministic failure mode but an emergent nonlinear phenomenon arising under apparently normal operating
conditions.

Two relevant semi-quantitative extensions exist. A Monte Carlo framework computing the Variability Priority Number
(VPN) has been proposed (Patriarca et al., 2017). A calculated FRAM instantiation has been shown to be isomorphic to a
five-layer multilayer directed network representable as an adjacency tensor, enabling the application of Katz centrality for
functional prioritization (Falegnami et al., 2020). Both contributions acknowledge that their measurements are defined on
ordinal scales, limiting algebraic interpretability despite their use in multiplicative frameworks. The development of an
operational weighting schema for FRAM couplings that supports a full algebra of variability has been identified as a key
open challenge (Falegnami et al., 2020).

2.3 The structural gap

The B-E model and FRAM address structurally analogous phenomena (perturbation propagation through networks of
interdependent activities) but operate under assumptions that limit direct complementarity.

Three specific limitations motivate the FEBS extension. First, the scalar representation of dependencies: DSMj; aggregates
all channels through which j can influence i into a single number, discarding the multidimensional structure of
sociotechnical couplings. Second, the rework paradigm: the B-E model interprets all systemic propagation as the necessity
to redo previous activities, appropriate for engineering design processes but conceptually misaligned with functional
resonance, which can manifest as performance degradation, operational condition modification, or emergence of
unexpected behaviors without any rework. Third, the linearity of propagation probabilities: B-E rework probabilities are
constant throughout simulation, incompatible with the adaptive nature of functional resonance, where propagation
probability depends on accumulated system variability and can exhibit threshold behavior.

These three limitations define the structural gap that FEBS addresses through targeted modifications to the original model,
detailed in Section 3.
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3. The FEBS model

3.1 Extension principle

The FEBS model extends B-E through three targeted interventions applied during initialization, leaving the Monte Carlo
algorithm structure unchanged. Each intervention addresses one of the limitations identified in Section 2.3. Table 1
summarizes the substitutions.

Table 1. B-E components and their FEBS counterparts

B-E component FEBS substitution Addresses
DSM;; scalar rework Pij - derived from six-dimensional coupling .

o Scalar reduction
probability vector
DSM;;; rework impact IMPACTIj - generalized systemic impact Rework paradigm
Criticalitys (€q. 1) IRRI - multidimensional generalization Linear criticality

3.2 The multidimensional coupling tensor and FRAME-6
The scalar DSM is replaced by a multidimensional coupling tensor:

M ERnan6 (2)

where each element M[i,j,:] = Cjj = [ci, Co, Cp, Cr, Cc, Ct], With every component ck € [0,1] corresponding to one FRAM
aspect.

Component values are elicited through the FRAME-6 procedure (FRAM Aspect Multi-dimensional Elicitation). For each
active pair (i,j), domain experts answer six structured questions, one per FRAM aspect, using a five-level scale mapped to
{0, 0.25, 0.5, 0.75, 1.0}. Table 2 reports the operational questions and scale anchors.

Table 2. FRAME-6 elicitation procedure

Aspect Component Operational question 0 0.5 1.0
To what extent does i depend No Partial Total
Input ¢ on the output of i as a dependenc dependenc dependenc
necessary trigger? P Y P y P y
To what extent does a Partial
Output Co variation in i's output alter j's No effect : Total alteration
- - alteration
operating conditions?
To what extent are the
Precondition Cp systemic 9ond|t|ons . Irrelevant Relevant Critical
established by i necessary for j
to operate normally?
To what extent do i and j
compete or share resources Partially
Resource Cr such that variability in i Independent shared Fully shared
impacts availability for j?
To what extent does i .
. : . Partial
Control Cc supervise or regulate j, or vice No control Total control
control
versa?
_ To v_vha_t extent is the timing of Moderate Critical
Time cr i critical for the correct Independent L S
. ; sensitivity | synchronization
execution of j?

When multiple experts are involved, individual responses are aggregated via weighted geometric mean (Patriarca et al.,
2017). IMPACT;; is elicited through an additional seventh question: to what extent does a typical propagation of variability
from i alter the operating conditions of j, considering all possible effects including re-execution, performance degradation,
resource availability modification, and temporal condition alteration?
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3.3 Coupling intensity and adaptive threshold
The weighted Euclidean norm aggregates the six components into a scalar coupling intensity:

=VXh Wk Cr o Teoawie =1, w>0 Vk (3)

w
where w = [wi, Wo, Wp, Wr, Wc, Wr] is estimated via FRAME-6 or set uniformly to 1/6 as a baseline. The Euclidean norm
is preferred over L1 because it penalizes dispersion, a coupling concentrated on few critical aspects has higher norm than
one dispersed across many aspects with the same sum, consistent with the FRAM observation that focused couplings on
critical aspects are potentially more dangerous than diffuse ones.

“QA

The threshold activation function captures the dormant behavior of sociotechnical couplings:

SLJZO |f ||C’-J||W<8 (43.)
sy=llcyll, itlicyll, = 6. 8>1 @4b)

where > 1 is the superlinear amplification exponent. To avoid an arbitrary global threshold, 0 is defined as the p-th
percentile of the empirical norm distribution in the system under analysis:

0=F'(p). (5
F = empirical CDF (Cumulative Distribution Function) of {[|C;;|| :(i,J) € ¢}, &= {(i, j): M[ij,:] # 0}

With p = 75, only the 25% strongest couplings are active. This definition makes 0 adaptive to the system and transforms
it from an arbitrary constant into a scenario parameter amenable to systematic sensitivity analysis.

3.4 Systemic impact probability
The systemic impact probability P;; replaces DSMij:

S,

Pjj = Pbase - —L, Smax = maxSij (6)
(L.j)ee

Smax

where Ppase € [0,1] is calibrated so that P;; values are compatible with empirical DSM;;i values documented in the literature
for the reference application domain. Normalization guarantees P;; € [0, Prase] < [0,1] and preserves compatibility with the
original Monte Carlo algorithm. Since normalization by Smax is a monotone linear transformation, the ranking induced
by S;; is preserved: if Si;> Sy then P;; > Pw. The coupling ranking is therefore invariant with respect to the choice of Ppase.

3.5 FEBS algorithm
The complete algorithm is presented below. Blocks marked [FEBS] indicate extensions to the original B-E model.

ALGORITHM FEBS (n, DSM, TriPDF[], M[n,n,6], W, p, B, Poase, I)

PHASE 1 — INITIALIZATION

/I Weighted norms [FEBS]
¢=1{ (1) :M[ij,:]#0}

FOR each (i,j) € &:

norm; = /( Tier.ewe * o)
/I Adaptive threshold [FEBS] [eg. 5]
0=F"'(p) over {norm;:(i,j) € &}

/I Coupling intensity [FEBS] [eq. 4a, 4b]
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FOR each (i,j) € &:
Si=0 if norm; <6
Sij = (normyp)p, p>1 if norm;>0
Smax = max(i,j)E& S;;
/I Systemic impact probability [FEBS] [eq. 6]
FOR each (i,)) € ¢&:
Pij = Poase - (Sij/ Smax)  // replaces DSM;j
/I Initialize simulation variables
FOReachi=1.n:
W;=1.0; WN; =FALSE // [B-E unchanged]

freqi= 0 /I [FEBS]

PHASE 2 — MONTE CARLO (r runs until stability)

FOR run=1.r:
/I Sampling [B-E]
Sample ActS; ~ TriPDF(BCV, MLV, WCV)
Sample ActC;, corr(ActS;, ActC;) =0.9
W;=1.0 foralli
WHILE 3i:W;>0:
/I Step A — Active set [B-E]
Identify active set under work policy
/I Step B — Advance time [B-E]
t=min{ ActS; : WN; = TRUE }
Update W;, S (schedule), C (cost)
/I Step C — Completed activity i*
i* = argmin{ ActS; : WN; = TRUE }
/I Step D1 — First-order propagation [B-E + FEBS]
FOR each i <i* with IMPACT;*; > 0:
IF rand() < Pi*::
W, += IMPACT*; - IC;
freq; +=1 /I [FEBS]

I/ Step D2 — Second-order propagation [B-E + FEBS]
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FOR each function i reworked in Step D1, each k>1 with Wy <1 AND IMPACTy > 0:
IF rand() < Pic:
Wi +=IMPACT; - ICx
freqx +=1 // [FEBS]
Record Cyun, Srun, { freq; }
/I Stability criterion [B-E] o =0.01, b=100
Repeat in batches b = 100 until:

|E[C.] - E[C]| / E[Cip] < @

PHASE 3 — IRR COMPUTATION [FEBS]

NNi={j:(j)e &} [eq. 7]
FOR eachi=1..n:
IRRi = (2(JeN) Sij- IMPACT; - IC; - MLV;) - (1 +freqi/r)

RANK functions by IRR; descending

PHASE 4 — SENSITIVITY ANALYSIS [FEBS]

FOR p € {50, 75, 90}:
FOR B € {1.2,15, 2.0}:
Re-run FEBS, record IRR; ranking // 9 scenarios total

OUTPUT: C and S distributions, IRR; ranking, sensitivity table (p, B)

3.6 The IRR as a generalization of interface criticality
The IRR generalizes the B-E interface criticality measure (eq. 1):

IRRi = ¥ en,(Sij - IMPACT;; - IC; - MLV;) -(1+ freq;/r) (7)

Two structural differences distinguish the measures. First, Sjj replaces the scalar DSMy; with a function of the six-
dimensional coupling structure, making criticality sensitive to which FRAM aspects are active rather than to an aggregate
probability. Second, the factor (1 + freq; / r) where freq; is the empirical count of first- and second-order rework events
affecting function i across the r simulation runs, incorporates dynamic information, transforming criticality from a purely
structural measure into a structural-dynamic one. Note that N; = {j : (i,j) € &} is the set of functions from which i receives
active couplings.

The IRR is therefore interpretable as the expected criticality of function i as a source node of variability propagation,
weighted by its frequency of above-threshold behavior during simulation.

An important interpretive limitation must be stated explicitly. Functional resonance in FRAM is a global emergent
phenomenon requiring temporal synchronization of multiple variabilities, a phenomenon the IRR does not capture directly,
since it is computed function-by-function from local structural properties. The IRR is an approximation of resonance
criticality based on local structural properties, not a measure of global emergent resonance. A function with high IRR is a
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high-risk candidate for initiating resonance cascades, not a certainty. This limitation is analogous to the B-E interface
criticality, which identifies interfaces with high propagation potential without guaranteeing that overruns will occur.

3.7 Degenerate case: reduction to B-E

The FEBS model reduces to the B-E model structure in the limit B — 1 (removing superlinear amplification), with p =0
(all couplings active), wi = 1/6 (uniform weights), and coupling vectors initialized with uniform components: cijx = DSMi;i
for all k. Under uniform components and uniform weights, norm;; = DSM;j, so S;j is linear in the coupling norm. Setting
Poase = maxij DSM; then yields Pjj= DSMji exactly, preserving the ranking structure of the original DSM.

A further structural condition governs the equivalence of the IRR ranking with the B-E interface criticality ranking. The
IRR (eq. 7) weights each outgoing coupling by the source-side terms IC; - MLV;, whereas the B-E criticality measure (eg.
1) weights by the receiver-side terms IC; - ActS;. The two rankings coincide when IC values and most likely durations are
approximately homogeneous across functions; under heterogeneous parameters, the IRR constitutes a source-centric
generalization of B-E interface criticality rather than an exact recovery. This property ensures internal consistency of the
extended model and provides the baseline for numerical verification in Section 4.5.

4. lllustrative example: airport turnaround

4.1 Process description

The airport turnaround, the sequence of operations preparing an aircraft for its next departure, is an established FRAM
application domain (Studic et al., 2017) where multidimensional couplings between functions are operationally
meaningful, making scalar DSM reduction particularly inadequate. The example considers five functions covering the
essential propagation mechanisms (feed-forward and shared resource coupling) in the minimum number of elements; their
B-E parameters are reported in Table 3. In this illustrative example the Monte Carlo simulation is not executed; the IRR
is computed in its structural approximation, setting freqi/r = 0 for all functions. Consequently, the dynamic factor (1 +
freqi/r) reduces to 1 and the IRR collapses to its first-order structural form: IRR; = Zeny Sij - IMPACT;; - IC; - MLV;. This
approximation is appropriate for a synthetic example designed to demonstrate the structural properties of the model; a full
Monte Carlo implementation would yield empirical freq;/r values that amplify and confirm the structural ranking without
altering it.

It should be noted that the present example is not a simulation output in the sense of the B-E model. No Monte Carlo runs
are executed; the IRR is computed analytically from the structural properties of the coupling tensor M. The full dynamic
form of FEBS, including Monte Carlo sampling and empirical freqi/r estimation, is the subject of future empirical
validation on real case studies.

Table 3. B-E parameters

ID Function BCV | MLV | WCV IC
F1 ATC landing clearance 3 5 8 min 80%
F2 Passenger deboarding 15 20 30 min 70%
F3 Aircraft refueling 10 15 25 min 60%
F4 Passenger boarding 20 25 35 min 70%
F5 ATC departure clearance 3 5 8 min 80%

The systemic impact matrix IMPACT;; reinterprets DSM; under the extended semantics of Section 3.2. Values range
between 0.2 and 0.5, consistent with empirical DSM;j. values reported in the literature (Browning and Eppinger, 2002).

4.2 Coupling tensor

Table 4 reports the six-dimensional coupling vectors Cj estimated via FRAME-6, with weighted Euclidean norms
computed under uniform weights wy = 1/6.
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Table 4. Coupling vectors and weighted norms

. Dominant
Pair Ci Co Cp Cr Cc CT IClly aspects
FI>F2 | 08 | 04 | 03 | 04 | 03 | 08 | 0545 Input, Time
FI>F3 | 04 | 02 | 07 | 06 | 0 | 03 | 043 "recondition,

Resource

F25F3 | 03 | 06 | 08 | 04 | 0 | 02 | 0.464  "recondition,
Output

F2>F4 | 05 | 05 | 04 | 06 | 03 | 0.8 | 0540 Time,
Precondition

F3—F4 | 02 | 03 | 05 | 09 | 04 | 07 | 0554 Resource,
Time

F1—F5 06 | 02 04 | 01| 08| 05 | 0493 | Control, Input
F2—F5 | 03 | 04 | 03] 02| 0 | 05 | 0.324 | Time, Control
F35F5 | 02 | 05| 04 | 07 | 0 | 04 | 0428 Resource,
Time

F4—F5 | 02 | 03 | 05| 02 | 06 | 0.7 | 0460 | Time, Control

Adaptive thresholds: 6(p=50) = 0.464 | 8(p=75) = 0.540 | 6(p=90) = 0.554

A clarification on the interpretation of cp is warranted. In FRAME-6, cp does not encode logical precedence (the binary
condition that must be satisfied for a function to begin) but rather the intensity of variability propagation through the
precondition channel. A strict logical precedence (e.g., aircraft must land before deboarding can begin) is a structural
constraint that, once satisfied, does not generate variability. The residual variability in F1's systemic conditions after
clearance is granted is moderate and well-controlled by ATC procedures, justifying cP = 0.3. The dominant propagation
channels for F1—F2 are Input (¢, = 0.8) and Time (cr = 0.8), reflecting that gate readiness information and landing timing
are the primary sources of variability transmitted to the deboarding function.

4.3 IRR ranking — baseline scenario

The baseline scenario uses p =75, f = 1.5, Ppase = 0.3. With 6 = 0.540, three couplings are active: F1—F2 (0.545), F2—F4
(0.540), F3—F4 (0.554). The remaining six couplings are dormant. The resulting IRR ranking is reported in Table 5.

Table 5. IRR ranking — baseline scenario (p=735, p=1.5)

Function Active outgoing couplings | IRR Rank
F4 - Passenger F2—F4 (S;=0.397), 569 1st - primary
boarding F3—F4 (S;=0.413) ' node
F2 - Passenger _

deboarding F1—F2 (S;=0.402) 1.69 2nd
F1, F3, F5 none active 0 -

F4 emerges as the primary resonance node with IRR = 5.69. Notably, F5 has the highest number of incoming connections
yet IRR = 0 because all its outgoing couplings are dormant. This result is not obtainable through scalar DSM analysis,
which would flag F5 as the most connected node.

4.4 Sensitivity analysis
Table 6 reports IRR values for all 9 scenarios of the sensitivity analysis (p € {50, 75,90} x g € {1.2, 1.5, 2.0}).

Table 6. Sensitivity analysis — all 9 scenarios (p € {50, 75,90} x B € {1.2, 1.5, 2.0})

Scenario p B IRRF2 IRRF3 IRRF4 | Primary

node
s1 50 | 1.2 2.03 1.43 6.81 F4
s2 50 | 15 1.69 1.14 5.69 F4
s3 50 | 2.0 1.25 0.77 421 F4
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Scenario p B IRRF2 IRRF3 IRRF4 | Primary

node
s4 75 | 1.2 2.03 0 6.81 F4
S5 % 75 | 15 1.69 0 5.69 F4
s6 75 | 20 1.25 0 421 F4
s7 90 | 1.2 0 0 431 F4
s8 90 | 15 0 0 3.61 F4
s9 9 | 20 0 0 2.68 F4

Two observations follow. First, F4 is the primary resonance node in all 9 scenarios, the ranking is a structural property of
the system, not an artifact of parameter calibration. Second, the threshold parameter p has stronger effects than g on
dormancy, though both influence IRR magnitude. This is consistent with FRAM logic: coupling dormancy is the primary
control mechanism for resonance, not individual coupling intensity.

4.5 Plausibility check

Two complementary checks support the validity of the FEBS results. First, domain literature consistency: interference
between refueling and boarding, driven by shared gate resources and personnel, has been identified as the primary
variability propagation mechanism in turnaround operations, based on FRAM analysis of Ground Handling Services
across five international airports through 43 interviews and 15 observations (Studic et al., 2017). The FEBS model, without
this consistency being imposed a priori in the C;; vectors, produces F3—F4 as the dominant coupling driven by Resource
and Time, the same operational mechanism identified by the qualitative FRAM analysis. Second, internal consistency:
withp =0, B =1, wx = 1/6, and Ppase = 0.3, the resulting P;; values range in [0.22, 0.30], compatible with empirical DSM;;
values reported in the original B-E model (Browning and Eppinger, 2002). The IRR ranking under these conditions
converges to the B-E interface criticality ranking with F4 and F2 maintaining first and second place, confirming the
degenerate case property of Section 3.7.

5. Discussion and conclusions

5.1 Contributions

This paper has presented the FEBS model, an extension of the Browning-Eppinger simulation framework designed to
capture functional resonance in sociotechnical systems. Three contributions are claimed.

At the conceptual level, the paper introduces the substitution of the rework paradigm with a generalized systemic impact
paradigm, recognizing that variability propagation in sociotechnical systems does not necessarily imply activity re-
execution but can manifest as performance degradation, operational condition modification, or emergence of unexpected
behaviors.

At the formal level, the paper introduces the multidimensional coupling tensor M € Rxm¢_ the adaptive threshold activation
function S;;, and the Functional Resonance Risk Index IRR; as a generalization of B-E interface criticality. These three
elements are applied as targeted interventions on the original model, preserving the Monte Carlo algorithm structure and
guaranteeing reducibility to the B-E case (a property that ensures internal consistency).

At the methodological level, the FRAME-6 elicitation procedure addresses the open challenge of developing an
operational weighting schema for FRAM couplings with a full algebra of variability (Falegnami et al., 2020).

5.2 Limitations

Three limitations require explicit discussion. The first concerns FRAME-6 parametrization: the six coupling components
are estimated on five-level ordinal scales, limiting algebraic interpretability despite their use in a multiplicative framework.
Empirical validation against systems with historical incident data is a necessary next step. The second concerns the
orthogonality assumption: the weighted Euclidean norm implies orthogonal FRAM aspects. This is a declared simplifying
assumption; a comparison of L. versus L: norm results constitutes a robustness test identified for future work. The third
concerns the absence of empirical validation: the example is synthetic. Validating FEBS on empirical case studies,
comparing IRR rankings against observed incident outcomes, is the necessary step to transform the model into an
operational tool. Established FRAM case studies on airport operations and maritime operations offer natural candidates
for empirical validation (Studic et al., 2017; Patriarca and Bergstrom, 2017).
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5.3 Future directions

This paper is the first contribution of a research agenda addressing DSM-FRAM bidirectional translation (Grazzini, 2025).
Two directions follow directly from the FEBS model. The first is DSM—FRAM translation: given a calibrated B-E model,
the tensor M can be derived by inverting the FRAME-6 procedure translating existing scalar DSM weights into six-
dimensional coupling vectors through expert-guided elicitation. This enriches existing DSM models with a systemic
FRAM perspective without requiring FRAM modelling from scratch. The second is FRAM—DSM translation: given a
FRAM model with FRAME-6-estimated couplings, the tensor M can be collapsed into a scalar DSM by aggregating the
six components under defined criteria, enabling the full DSM analytical toolkit (sequencing, clustering, architecture
optimization) to be applied to systems originally modelled with FRAM. A third direction concerns the differentiation of
amplification exponents by propagation order. The baseline FEBS model uses a single exponent . Introducing B2 > f,
with B for feed-forward couplings and B, for feedback couplings, would model systems where feedback loops produce
stronger superlinear amplification than direct propagation. Systems with strong feedback loops, such as iterative
engineering design processes or emergency management operations, are the natural candidates for testing this extension.

5.4 Conclusions

The FEBS model demonstrates that functional resonance can be captured within the DSM stochastic simulation framework
through minimal, formally coherent extensions of the B-E model. The IRR produces activity rankings not obtainable
through scalar DSM analysis, as demonstrated by the turnaround example, where F4 emerges as the primary resonance
node not because of connection count but because of the multidimensional profile of its couplings. The robustness of the
IRR ranking across parametric scenarios indicates that resonance node identification is a structural property of the system.
This suggests that FEBS can provide reliable risk localization guidance even when precise empirical data for 6 and
calibration are unavailable. The model remains a computational approximation of FRAM functional resonance, not a full
capture. Phenomena such as creative improvisation, tacit competence, and situated sensemaking resist probabilistic
parametrization and require qualitative FRAM analysis to be fully understood. The value of FEBS lies in its ability to
quantify and prioritize, not to replace, the phenomenological richness of FRAM analysis.
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