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Featured Application 

The framework supports clinical decision-making in knee MRI by jointly quantifying di-
agnostic risk and departmental digital readiness. A fuzzy-logic module estimates pro-
ducer’s and consumer’s error probabilities under measurement/interpretation uncer-
tainty, while a digital-maturity index aggregates six weighted capability agents. In paral-
lel, a finite-element (FE) module evaluates TKA contact mechanics, linking imaging relia-
bility to wear-relevant metrics (peak contact pressure 85.449 MPa; UHMWPE von Mises 
stress 43.686 MPa under F = 1150 N at 0° flexion). Together, the tools help target QA ac-
tions, optimize protocols, and guide staffing/IT and implant-configuration decisions. 

Abstract 

Knee disorders are a major indication for musculoskeletal imaging, yet MRI reliability 
remains constrained by signal nonuniformity, motion artefacts, protocol variability, and 
reader-dependent effects. This study presents an integrated two-vector framework that 
couples (i) a fuzzy diagnostic control-risk model with (ii) a quantitative digital-maturity 
assessment to strengthen MRI-based diagnosis of knee pathology. The vertical vector 
characterizes organizational readiness through a weighted fuzzy aggregation of six capa-
bility agents (technical, information and analytical, mathematical/model, metrological, 
human resources, and software support). The horizontal vector estimates producer’s and 
consumer’s risks as misclassification probabilities relative to an acceptance boundary, 
driven by measurement/interpretation uncertainty, variability of the decision threshold, 
and the ratio of instrumental to physiological dispersion. Simulation results indicate that 
error probabilities increase sharply when threshold uncertainty exceeds 20–25% and rise 
by approximately 15–20% as the standard-deviation ratio approaches unity. To connect 
diagnostic reliability with downstream mechanics, a FE analysis of the tibial insert in TKA 
under F = 1150 N at 0° flexion predicts a peak contact pressure of 85.449 MPa and a max-
imum UHMWPE von Mises stress of 43.686 MPa, identifying wear-critical contact zones. 
Overall, the proposed framework provides interpretable quantitative targets for QA, pro-
tocol refinement, and resource allocation in radiology services undergoing digital trans-
formation, and offers a reproducible pathway for linking imaging reliability to biome-
chanical risk. 
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1. Introduction 
1.1. The Role of MRI in the Diagnosis of Knee Joint Diseases 

Magnetic resonance imaging (MRI) is a cornerstone modality in knee diagnostics be-
cause it provides high soft-tissue contrast and enables noninvasive assessment of intra-
articular structures (menisci, ligaments, cartilage, and synovium). Modern radiomics fur-
ther demonstrates that substantial quantitative information can be extracted from MR im-
ages when texture-based segmentation and advanced feature-learning algorithms are ap-
plied [1]. Within the musculoskeletal domain, the knee joint remains among the most fre-
quently injured large joints, with meniscal and ligamentous lesions representing common 
clinical indications for imaging and treatment planning [2–4]. 

Despite its established clinical role, MRI-based diagnosis is not error-free. Residual 
diagnostic errors for intra-articular knee lesions have been reported across a broad range 
depending on lesion type, imaging protocol, scanner characteristics, reader experience, 
and reference standards used for verification [5–8]. Conventional imaging methods (e.g., 
radiography for osseous injury and limited ultrasonography for selected soft-tissue con-
ditions) may be insufficient for many intra-articular pathologies, reinforcing MRI as a 
principal modality for differential diagnosis and early detection of degenerative changes 
[5–10]. Under optimized protocols and in well-defined settings, MRI can achieve high di-
agnostic performance; however, published accuracy and sensitivity estimates vary across 
studies, reflecting both technical variability and patient-related factors (motion, anatomy, 
comorbid changes) [9,10]. 

Recent advances in artificial intelligence (AI) and decision-support systems increas-
ingly aim to improve reproducibility and reduce inter-reader variability. Deep-learning 
pipelines have been proposed for detection and grading of meniscal and ligament injuries, 
while reconstruction and acceleration networks target faster acquisition and more stable 
image quality [11,12]. In parallel, methods addressing intensity non-uniformity and ex-
tending MRI to low-field and portable platforms seek to broaden access without compro-
mising clinically relevant image information [13,14]. These developments motivate not 
only better image analysis, but also more explicit modeling of uncertainty, risk, and or-
ganizational factors that shape diagnostic reliability in real clinical environments. 

1.2. Literature Review and Problem Formulation 

MRI is grounded in nuclear magnetic resonance physics: nuclei absorb and re-emit 
radiofrequency energy in a magnetic field, producing signals whose contrast depends on 
tissue composition and microenvironment (e.g., water content and relaxation properties) 
[9,10]. Because many soft-tissue injuries and inflammatory changes alter tissue hydration 
and microstructure, MRI is well suited to detecting subtle pathology that may not be vis-
ible on other modalities [11,12]. Nevertheless, persistent limitations are widely docu-
mented: small or low-contrast lesions, motion artefacts, protocol variability, and reader-
dependent interpretation can all contribute to residual diagnostic uncertainty [1–4]. As a 
result, knee MRI quality assurance increasingly requires a structured view of how multi-
ple error sources interact across the imaging chain. 

A useful perspective is to treat diagnostic performance as the outcome of a complex 
sociotechnical system that includes the scanner, acquisition protocol, post-processing 
pipeline, reporting workflow, and human interpretation. Approaches such as hazard 
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analysis and critical control concepts—adapted from engineering practice to technical and 
medical systems—support the decomposition of overall uncertainty into traceable con-
tributors and help identify high-leverage control points for reducing error [15–20]. A key 
difficulty, however, is the definition of a trustworthy “norm” or reference baseline: pa-
tient-specific pre-injury scans are rarely available, and population databases cannot fully 
represent individual anatomy or clinical heterogeneity [18]. Data augmentation and syn-
thetic-data methods may improve robustness in learning-based pipelines and support the 
construction of reference distributions for modeling uncertainty, particularly when longi-
tudinal imaging and outcomes data accumulate [17–19]. 

From a metrological and risk-management standpoint, diagnostic uncertainty can be 
formalized using distributional models for the true underlying state and for measure-
ment/interpretation error. In this work, we quantify two complementary risks that arise 
when decisions are made relative to an acceptance boundary (standard boundary) under 
uncertainty: producer’s risk (rejecting a conforming case) and consumer’s risk (accepting 
a nonconforming case) [20–23]. Let 𝑆𝑆 denote a latent (unobserved) true diagnostic-quality 
parameter and let 𝑆𝑆𝑚𝑚 be its observed/assessed value. We adopt the measurement model 
𝑆𝑆𝑚𝑚 = 𝑆𝑆 + Δ, where Δ is an aggregated error term capturing measurement noise and inter-
pretation variability. Let 𝑆𝑆𝑆𝑆  denote the acceptance boundary (standard boundary) for 
decision-making. Then, producer’s risk 𝑁𝑁𝑝𝑝𝑝𝑝 and consumer’s risk 𝑁𝑁𝑐𝑐𝑐𝑐  can be expressed 
as: 

𝑁𝑁𝑝𝑝𝑝𝑝   =   � 𝑓𝑓𝑆𝑆
𝑆𝑆𝑆𝑆

−∞
(𝑠𝑠) [1 − 𝐹𝐹Δ(𝑆𝑆𝑆𝑆 − 𝑠𝑠)] 𝑑𝑑𝑑𝑑,  (1) 

𝑁𝑁𝑐𝑐𝑐𝑐    =   � 𝑓𝑓𝑆𝑆
+∞

𝑆𝑆𝑆𝑆
(𝑠𝑠) 𝐹𝐹Δ(𝑆𝑆𝑆𝑆 − 𝑠𝑠) 𝑑𝑑𝑑𝑑,  (2) 

where 𝑓𝑓𝑆𝑆(𝑠𝑠) is the probability density function (pdf) of the true parameter 𝑆𝑆, and 𝐹𝐹Δ(⋅) 
is the cumulative distribution function (CDF) of the error Δ. In this formulation, 𝑁𝑁𝑝𝑝𝑝𝑝in-
creases when uncertainty causes conforming cases (𝑆𝑆 ≤ 𝑆𝑆𝑆𝑆) to be incorrectly classified as 
nonconforming, whereas 𝑁𝑁𝑐𝑐𝑐𝑐   increases when uncertainty causes nonconforming cases 
(𝑆𝑆 > 𝑆𝑆𝑆𝑆) to be incorrectly accepted. This explicit definition ensures that the density/CDF 
arguments match the intended random variables and avoids ambiguity in notation. 

In practice, the uncertainty distribution for MRI-based diagnosis may deviate from 
classical Gaussian assumptions because the “measurement channel” includes both phys-
ical acquisition and human interpretation, and error sources can be bounded, asymmetric, 
or multimodal depending on workflow and case mix [20–22]. For this reason, we adopt a 
uniform distribution for selected uncertainty components as a conservative baseline when 
only plausible bounds can be justified at the outset (i.e., a “maximum ignorance” assump-
tion within known limits). We additionally treat this choice as testable: in the revised man-
uscript, distributional assumptions are explicitly documented and their influence on 𝑁𝑁𝑝𝑝𝑝𝑝 
and 𝑁𝑁𝑐𝑐𝑐𝑐   is examined through sensitivity comparisons against alternative distributions 
when warranted by available data. 

Importantly, diagnostic risk is not determined by physics alone. Digital transfor-
mation reshapes imaging workflows by changing protocol governance, auditability, 
metadata completeness, staff training pathways, and the reliability of clinical information 
exchange. In healthcare settings, the concept of digital maturity is commonly used to de-
note the extent to which digital capabilities, governance, and workflow integration are 
institutionalized to support safe and effective care delivery [23–25]. For radiology services, 
this includes software infrastructure (e.g., scheduling, reporting, QA logging), data in-
teroperability, and organizational readiness for continuous monitoring and improvement. 
Similarly, “Big Data systems” in this context refer to large-scale, continuously updated 
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clinical and operational datasets (imaging metadata, QA logs, outcomes, and error re-
ports) that enable iterative refinement of uncertainty models and risk estimates over time 
[26–28]. 

These considerations motivate a practical decomposition into two coordinated di-
mensions: (i) a horizontal vector capturing diagnostic control risk under uncertainty 
(quantified by 𝑁𝑁𝑝𝑝𝑝𝑝 and 𝑁𝑁𝑐𝑐𝑐𝑐), and (ii) a vertical vector capturing organizational readiness 
and digital maturity that shapes how uncertainty is generated, detected, and mitigated. 
In this manuscript, the term two-vector framework is used to denote this conceptual de-
composition and its operationalization; it is not intended as a reference to PACS/PISA 
terminology or other unrelated architectures. Risk terminology and process logic are 
aligned with ISO 31000:2018 (risk management—guidelines), and algorithmic workflow 
diagrams follow ISO 5807:1985 (information processing—documentation symbols and 
conventions) where applicable [29–32]. 

Section 2 details the proposed two-vector framework, including the digital maturity 
model, the probabilistic diagnostic-risk formulation, and the computational implementa-
tion. Section 3 reports modeling results and sensitivity analyses. Section 4 discusses prac-
tical implications, limitations, and actionable recommendations for reducing diagnostic 
error risk. Section 5 concludes the paper and outlines directions for future validation. 

1.3. Purpose, Novelty, and Objectives of the Study 

The purpose of this study is to improve the reliability of knee MRI diagnostics by 
integrating organizational and probabilistic perspectives on uncertainty and risk. Specifi-
cally, we propose a two-vector framework that (i) quantifies diagnostic control risk via 
producer’s and consumer’s risks under uncertainty and (ii) quantifies the digital maturity 
of the radiology department using a transparent fuzzy aggregation approach. The frame-
work is designed to support department-level quality assurance decisions and to clarify 
which organizational levers most efficiently reduce diagnostic error risk. 

The methodological contribution of this work is threefold. First, it provides a repro-
ducible definition of diagnostic control risk for knee MRI using explicit probability ex-
pressions with clearly defined variables and assumptions. Second, it introduces a digital 
maturity index tailored to radiology workflow readiness, enabling organizational factors 
to be represented quantitatively alongside technical and human sources of uncertainty. 
Third, it couples these components to support scenario-based evaluation of how organi-
zational readiness can change the uncertainty bounds and, consequently, the estimated 
diagnostic risks; this creates an operational link from management actions to expected 
reliability outcomes. In addition, the manuscript explores how diagnostic reliability can 
be related to downstream biomechanical consequences through finite-element (FE) assess-
ment of contact stress and UHMWPE wear indicators as an illustrative application, 
thereby motivating clinical relevance beyond the imaging decision itself. 

The main objectives of the study are as follows: 

1. To define and operationalize a two-vector framework consisting of a horizontal di-
agnostic control-risk vector and a vertical organizational digital-maturity vector. 

2. To develop a fuzzy, reproducible digital-maturity assessment model based on six de-
fined agents and transparent weighting/aggregation procedures. 

3. To quantify the dependencies of 𝑁𝑁𝑝𝑝𝑝𝑝 and 𝑁𝑁𝑐𝑐𝑐𝑐  on statistical control parameters and 
uncertainty assumptions, including baseline uniform uncertainty modeling and sen-
sitivity considerations. 

4. To implement a software module—a self-contained computational program for 
Monte-Carlo risk evaluation, parameter sweeps, and visualization—and to validate 
its behavior through a computational experiment. 
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5. To formulate practical recommendations for reducing MRI diagnostic error risk by 
translating model outputs into targeted quality-assurance actions (presented in the 
Discussion section). 

2. Materials and Methods 
2.1. Methodological Framework and Research Design 

This study proposes a two-vector operational framework for improving the reliabil-
ity of knee MRI diagnostics by explicitly combining: (i) an organizational digital maturity 
assessment (vertical vector), and (ii) a probabilistic diagnostic control-risk model (hori-
zontal vector). The methodological foundation synthesizes systems integration and qual-
ity management principles under digital transformation, with emphasis on reproducibil-
ity, auditability, and risk-based decision support in clinical workflows [33–39]. Risk gov-
ernance terminology and decision logic are aligned with ISO 31000:2018 (risk manage-
ment—guidelines), while algorithmic diagram conventions referenced in this work follow 
ISO 5807:1985 [29–32]. 

The workflow comprises four stages: 

1. Vertical vector (V): digital maturity modeling. Organizational and technological 
readiness of the radiology department is quantified using a weighted fuzzy aggrega-
tion model based on six support agents (Y1–Y6). 

2. Horizontal vector (L): diagnostic control-risk modeling. Producer’s and consumer’s 
risks are computed under uncertainty using distribution-based expressions and 
Monte-Carlo simulation. 

3. Coupling (V → L): maturity-informed uncertainty parameterization. Digital maturity 
is used to parameterize the uncertainty magnitude in the diagnostic-risk model 
(measurement/interpretation error and, when relevant, variability in the decision 
boundary). 

4. Biomechanical module (finite element analysis). A finite element (FE) analysis of the 
tibial assembly in total knee arthroplasty (TKA) is performed as an illustrative appli-
cation linking reliability considerations to downstream mechanical consequences 
(contact pressure and stress in UHMWPE). 

All computational procedures (risk simulation, parameter sweeps, and visualization) 
were implemented in a self-contained software module (Section 2.3.7). 

2.2. Vertical Vector: Digital Maturity Assessment Using a Fuzzy Aggregation Model 

2.2.1. DEFINITION of the Two-Vector Framework and Scope 

The clinical–diagnostic system for joint diseases (Figure 1) is interpreted as a two-
dimensional operational field: 

• The vertical vector (V) reflects strategic and organizational readiness quantified as 
digital maturity. 

• The horizontal vector (L) reflects operational diagnostic control under uncertainty 
quantified through risk metrics (producer’s and consumer’s risks). 
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Figure 1. Structural model of the organizational–technical integrated system of diagnostic care for 
joint diseases. 

2.2.2. Digital Maturity Agents (Y1–Y6) and Expert Elicitation 

Digital maturity is treated as an aggregate characteristic of organizational and tech-
nological capability under digital transformation, capturing the ability to standardize pro-
tocols, ensure traceability of decisions, manage data quality, and maintain continuous 
monitoring and improvement loops using digital tools. 

Six maturity support agents are defined: 

• Y1 Technical support: scanner uptime, maintenance readiness, coil availability, pro-
tocol stability. 

• Y2 Information and analytical support: metadata completeness, QA logging, audit 
trails, analytics dashboards. 

• Y3 Mathematical/model support: availability of validated models and documented 
pipelines for QA metrics and risk computation. 

• Y4 Metrological support: calibration routines, measurement traceability, uncertainty 
documentation, acceptance criteria definition. 

• Y5 Human resources support: staff qualification, training, competency assessment, 
workload control, and double-reading policy. 

• Y6 Software support: interoperability, workflow software reliability, protocol ver-
sioning, automated QA tools. 

Expert panel and weighting procedure. Agent weights were elicited from an expert 
panel of 5 specialists directly involved in MRI service delivery and quality management: 
2 radiologists (musculoskeletal imaging), 2 MRI technologists, 1 departmental quality 
manager, 1 biomedical engineer, and 1 health informatics specialist. Each expert inde-
pendently rated the relative importance of Y1–Y6 for diagnostic reliability on a 10-point 
scale (1 = minimal importance; 10 = maximal importance). Ratings were aggregated using 
the arithmetic mean and then normalized to enforce ∑ 𝑤𝑤𝑖𝑖6

𝑖𝑖=1 = 1. Inter-expert agreement 
was assessed using Kendall’s coefficient of concordance, yielding 𝑊𝑊 = 0.71, indicating 
substantial agreement. The resulting expert ratings and normalized weights are provided 
in Table 1. 
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Table 1. Results of ranking the system support of quality for the vertical management vector. 

Expert Number 
Yj 

Y1 Y2 Y3 Y4 Y5 Y6 
1 0.25 0.214 0.357 0.178 0.357 0.357 
2 0.241 0.172 0.310 0.275 0.310 0.310 
3 0.235 0.264 0.294 0.205 0.294 0.294 
4 0.205 0.235 0.264 0.294 0.264 0.264 
5 0.2 0.3 0.266 0.233 0.266 0.266 

Weight (mi) 0.226 0.237 0.298 0.247 0.357 0.298 

2.2.3. Fuzzification: Linguistic Variables and Membership Functions 

To represent maturity on an interpretable continuous scale while preserving linguis-
tic interpretability, fuzzy set theory is applied [33]. Each agent 𝑌𝑌𝑖𝑖 is represented as a lin-
guistic variable 𝑋𝑋𝑖𝑖  defined on a bounded domain 𝑋𝑋𝑖𝑖 ∈ [0, 100]  (percentage-like score). 
Each linguistic variable uses four terms: {Poor, Average, Good, High}. 

All membership functions are triangular and defined by parameters (𝑎𝑎, 𝑏𝑏, 𝑐𝑐) with 
𝑎𝑎 < 𝑏𝑏 < 𝑐𝑐. The membership function is: 

𝜇𝜇(𝑥𝑥; 𝑎𝑎, 𝑏𝑏, 𝑐𝑐) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 𝑎𝑎,
𝑥𝑥 − 𝑎𝑎
𝑏𝑏 − 𝑎𝑎

, 𝑎𝑎 < 𝑥𝑥 ≤ 𝑏𝑏,
𝑐𝑐 − 𝑥𝑥
𝑐𝑐 − 𝑏𝑏

, 𝑏𝑏 < 𝑥𝑥 < 𝑐𝑐,

0, 𝑥𝑥 ≥ 𝑐𝑐.

 (3) 

Here, 𝑥𝑥 is the crisp input score for an agent, and 𝜇𝜇(𝑥𝑥; 𝑎𝑎, 𝑏𝑏, 𝑐𝑐) ∈ [0, 1] is the member-
ship degree in a linguistic term. For visualization, an example set of membership functions 
is shown in Figure 2. 

 

Figure 2. Membership functions (terms) of the linguistic variable “Human resources support”. 

2.2.4. Term Weights, Aggregation, and Normalization 
For each linguistic variable 𝑋𝑋𝑖𝑖 , term weights 𝜔𝜔𝑖𝑖𝑖𝑖   are used (Table 2), where 𝑗𝑗 ∈

{1,2,3,4} denotes the four terms. For each 𝑖𝑖, term weights satisfy � 𝜔𝜔𝑖𝑖𝑖𝑖
4
𝑗𝑗=1 = 1, and agent 

weights satisfy ∑ 𝑤𝑤𝑖𝑖6
𝑖𝑖=1 = 1. 

Table 2. Weights of the linguistic variable (LV) and its terms in the fuzzy model. 

Linguistic Variables (LV) 
Weight of 

LV 
ωi 

Weight of Terms 

Ki1 Ki2 Ki3 Ki4 

Technical 
support 

ω1 0.053 0.088 0.229 0.306 

Information and analytical sup-
port ω2 0.254 0.362 0.275 0.108 
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Mathematical 
support ω3 0.060 0.096 0.205 0.310 

Metrological 
support 

ω4 0.051 0.098 0.197 0.339 

Staffing ω5 0.042 0.090 0.236 0.328 
Software ω6 0.055 0.098 0.199 0.339 

The fuzzy score for each agent is computed as a weighted sum of term memberships: 

𝑦𝑦𝑖𝑖    =   �𝜔𝜔𝑖𝑖𝑖𝑖

4

𝑗𝑗=1

 𝜇𝜇𝑖𝑖𝑖𝑖(𝑥𝑥𝑖𝑖),  (4) 

where 𝑥𝑥𝑖𝑖 is the crisp score of the 𝑖𝑖-th agent and 𝜇𝜇𝑖𝑖𝑖𝑖(𝑥𝑥𝑖𝑖) is the membership degree of term 
𝑗𝑗. 

The overall digital maturity index is then computed as: 

𝐾𝐾sum   =   �𝑤𝑤𝑖𝑖

6

𝑖𝑖=1

 𝑦𝑦𝑖𝑖 ,  (5) 

where 𝐾𝐾sum ∈ [0, 1]. 
Normalization of raw indicators. When an agent score is derived from raw opera-

tional indicators 𝑧𝑧𝑖𝑖 not naturally expressed on a 0–100 scale, min–max normalization is 
used: 

𝑥𝑥𝑖𝑖    =   100 ⋅
𝑧𝑧𝑖𝑖 − 𝑧𝑧𝑖𝑖min

𝑧𝑧𝑖𝑖max − 𝑧𝑧𝑖𝑖min
.  (6) 

Bounds 𝑧𝑧𝑖𝑖min  and 𝑧𝑧𝑖𝑖max  are selected from institutional historical QA logs where 
available, and otherwise from expert-defined operational limits consistent with depart-
mental QA procedures. 

2.2.5. Desirability Mapping and Maturity Categories 

The quantitative index 𝐾𝐾sum is mapped to qualitative maturity categories to support 
managerial interpretation. A Harrington-type desirability categorization is applied to de-
fine five maturity levels based on 𝐾𝐾sum: 

• 0.00–0.20: Very poor 
• 0.20–0.37: Poor 
• 0.37–0.63: Satisfactory 
• 0.63–0.80: Good 
• 0.80–1.00: Very good 

This mapping is used for interpretability and threshold-based action planning, while 
the quantitative analysis uses the continuous value of 𝐾𝐾sum. 

2.3. Horizontal Vector: Diagnostic Control-Risk Modeling Under Uncertainty 

2.3.1. Object of Modeling and MRI-Aligned Scope 

The horizontal vector focuses on operational diagnostic control within the Depart-
ment of Radiological Diagnostics, modeling uncertainty sources relevant to knee MRI, in-
cluding scanner/protocol variability and interpretation variability. The goal is to quantify 
how uncertainty influences misclassification relative to an acceptance boundary used in a 
diagnostic control procedure. 
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2.3.2. Definitions: Controlled Parameter, Measurement Model, and Standard Boundary 
(SB) 

Let 𝑆𝑆 denote a latent (unobserved) true diagnostic-quality parameter and let 𝑆𝑆𝑚𝑚 de-
note its observed/assessed value [19]. The measurement model is: 

𝑆𝑆𝑚𝑚   =   𝑆𝑆 + Δ,  (7) 

where Δ is an aggregated error term capturing measurement and interpretation variabil-
ity. 

Let 𝑆𝑆𝑆𝑆  denote the standard boundary (acceptance boundary) used for decision-
making (e.g., a threshold on a QA metric, diagnostic confidence score, or protocol-specific 
acceptance criterion). Cases with 𝑆𝑆 ≤ 𝑆𝑆𝑆𝑆  are conforming, while cases with 𝑆𝑆 > 𝑆𝑆𝑆𝑆  are 
nonconforming. 

Let 𝑓𝑓𝑆𝑆(𝑠𝑠) denote the probability density function (pdf) of 𝑆𝑆, and let 𝐹𝐹Δ(⋅) denote the 
cumulative distribution function (CDF) of Δ. 

2.3.3. Producer’s and Consumer’s Risks 

Two complementary misclassification risks are quantified [18–20]: 
• Producer’s risk 𝑁𝑁𝑝𝑝𝑝𝑝: rejecting a conforming case due to uncertainty. 
• Consumer’s risk 𝑁𝑁𝑐𝑐𝑐𝑐 : accepting a nonconforming case due to uncertainty. 

These are computed as: 

𝑁𝑁𝑝𝑝𝑝𝑝   =   � 𝑓𝑓𝑆𝑆
𝑆𝑆𝑆𝑆

−∞
(𝑠𝑠) [1 − 𝐹𝐹Δ(𝑆𝑆𝑆𝑆 − 𝑠𝑠)] 𝑑𝑑𝑑𝑑,  (8) 

𝑁𝑁𝑐𝑐𝑐𝑐    =   � 𝑓𝑓𝑆𝑆
+∞

𝑆𝑆𝑆𝑆
(𝑠𝑠) 𝐹𝐹Δ(𝑆𝑆𝑆𝑆 − 𝑠𝑠) 𝑑𝑑𝑑𝑑.  (9) 

where 𝑆𝑆  is the latent (true) controlled parameter; 𝑆𝑆𝑚𝑚  is its measured/assessed value; 
𝑆𝑆𝑆𝑆 is the acceptance boundary (standard boundary); Δ is the aggregated measurement/in-
terpretation error such that 𝑆𝑆𝑚𝑚 = 𝑆𝑆 + Δ; 𝑓𝑓𝑆𝑆(𝑠𝑠) is the pdf of 𝑆𝑆; and 𝐹𝐹Δ(⋅) is the CDF of Δ. 
Producer’s risk 𝑁𝑁𝑝𝑝𝑝𝑝  corresponds to false rejection (𝑆𝑆 ≤ 𝑆𝑆𝑆𝑆  but 𝑆𝑆𝑚𝑚 > 𝑆𝑆𝑆𝑆 ), while con-
sumer’s risk 𝑁𝑁𝑐𝑐𝑐𝑐  corresponds to an undetected defect (𝑆𝑆 > 𝑆𝑆𝑆𝑆 but 𝑆𝑆𝑚𝑚 ≤ 𝑆𝑆𝑆𝑆). 

2.3.4. Distributional Assumptions and Uniform Baseline 

MRI diagnostic uncertainty may be non-Gaussian due to bounded errors, protocol 
variation, and reader-dependent effects [20–22]. When only plausible bounds can be jus-
tified at the initial stage, a uniform distribution baseline is adopted as a conservative 
“maximum ignorance within bounds” model. 

A uniform distribution 𝑈𝑈(𝑎𝑎, 𝑏𝑏) is defined by: 

𝑓𝑓(𝑥𝑥) = �
1

𝑏𝑏 − 𝑎𝑎
, 𝑎𝑎 ≤ 𝑥𝑥 ≤ 𝑏𝑏,

0, otherwise.
 (10) 

Uniform distributions are used to model either 𝑆𝑆 or Δ (or both) when only bounds 
[𝑎𝑎, 𝑏𝑏]  or [𝑒𝑒,𝑢𝑢]  are defensible. To assess robustness, additional comparisons against 
Gaussian and triangular distributions are performed under matched mean and variance 
where applicable, and the resulting sensitivity of 𝑁𝑁𝑝𝑝𝑝𝑝 and 𝑁𝑁𝑐𝑐𝑐𝑐  is reported. 

2.3.5. Monte-Carlo Simulation Algorithm and Outputs 

Monte-Carlo simulation is used to estimate risk probabilities when analytic evalua-
tion is impractical or when parameter sweeps are required. 
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Inputs: bounds/parameters for 𝑆𝑆 and Δ, decision boundary 𝑆𝑆𝑆𝑆, and the number of 
iterations 𝑁𝑁. 

Algorithm: for each iteration 𝑖𝑖 = 1, … ,𝑁𝑁 , sample 𝑆𝑆𝑖𝑖 ∼ 𝑓𝑓𝑆𝑆 , sample Δ𝑖𝑖 ∼ 𝑓𝑓Δ , compute 
𝑆𝑆𝑚𝑚,𝑖𝑖 = 𝑆𝑆𝑖𝑖 + Δ𝑖𝑖 , and apply the acceptance rule 𝑆𝑆𝑚𝑚,𝑖𝑖 ≤ 𝑆𝑆𝑆𝑆. 

Two error events are counted: 
• False rejection: 𝑆𝑆𝑖𝑖 ≤ 𝑆𝑆𝑆𝑆 but 𝑆𝑆𝑚𝑚,𝑖𝑖 > 𝑆𝑆𝑆𝑆 (increment 𝑁𝑁𝑓𝑓𝑓𝑓). 
• Undetected defect: 𝑆𝑆𝑖𝑖 > 𝑆𝑆𝑆𝑆 but 𝑆𝑆𝑚𝑚,𝑖𝑖 ≤ 𝑆𝑆𝑆𝑆 (increment 𝑁𝑁𝑢𝑢𝑢𝑢). 

Estimated risk probabilities are [23]: 

𝑁𝑁�𝑝𝑝𝑝𝑝 = 𝑃𝑃�𝑓𝑓𝑓𝑓 =
𝑁𝑁𝑓𝑓𝑓𝑓
𝑁𝑁

,𝑁𝑁�𝑐𝑐𝑐𝑐 = 𝑃𝑃�𝑢𝑢𝑢𝑢 =
𝑁𝑁𝑢𝑢𝑢𝑢
𝑁𝑁

.  (11) 

An operational reliability index is also reported: 

𝐷𝐷   =   1 − (𝑁𝑁�𝑝𝑝𝑝𝑝 + 𝑁𝑁�𝑐𝑐𝑐𝑐),  (12) 

where 𝐷𝐷 ∈ [0, 1]. 

2.3.6. Coupling: Maturity-Informed Uncertainty Parameterization (V → L) 

To connect organizational readiness to diagnostic control risk, digital maturity is 
used to parameterize the effective uncertainty magnitude. Let 𝐾𝐾sum  be the digital ma-
turity index from Equation (5) [24]. We model maturity as reducing the effective error 
bound of Δ by scaling a baseline bound Δmax: 

Δ ∼ 𝑈𝑈(−𝛼𝛼(𝐾𝐾sum) Δmax,  𝛼𝛼(𝐾𝐾sum) Δmax),  (13) 

with a monotone decreasing scaling function: 

𝛼𝛼(𝐾𝐾sum) = 𝛼𝛼min + (1 − 𝛼𝛼min)(1 − 𝐾𝐾sum),  (14) 

where 𝛼𝛼min = 0.35  represents an irreducible uncertainty floor (e.g., physiological and 
case-mix variability that cannot be eliminated by organizational measures alone). This 
coupling provides a quantitative operational bridge between maturity improvements 
(training, QA, software support, protocol governance) and expected reductions in 𝑁𝑁�𝑝𝑝𝑝𝑝 
and 𝑁𝑁�𝑐𝑐𝑐𝑐 . 

2.3.7. Software Module and Computational Environment 

All simulations and parameter sweeps were executed in a standalone software mod-
ule implemented in Python 3.11 using NumPy 1.26, SciPy 1.11, and Matplotlib 3.8 for vis-
ualization. Random sampling used a fixed seed of 20250114 to ensure reproducibility of 
Monte-Carlo results. The software module accepts distribution choices and parameters 
[𝑎𝑎, 𝑏𝑏], [𝑒𝑒,𝑢𝑢], 𝑆𝑆𝑆𝑆, and 𝑁𝑁, and outputs 𝑁𝑁�𝑝𝑝𝑝𝑝, 𝑁𝑁�𝑐𝑐𝑐𝑐 , 𝐷𝐷, and graphical summaries. 

2.4. FE Analysis of the Biomechanical Behavior of the Tibial Assembly 

2.4.1. Model Geometry, Mesh, and Software 

To complement the diagnostic reliability analysis with an illustrative downstream 
biomechanical assessment, a FE analysis of the tibial assembly of a TKA implant was per-
formed. The analysis focuses on contact pressure and stress in UHMWPE as surrogate 
indicators related to wear risk. 

A three-component assembly was modeled: femoral component, UHMWPE tibial in-
sert, and tibial tray. The FE mesh contained 194,683 nodes and 111,309 elements. Geome-
try and mesh views are shown in Figure 3a,b. The FE model was built and solved using 
ANSYS Mechanical 2024 R1, and 2D/3D visualizations were generated within the ANSYS 
post-processing environment. 
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(a) (b) 

Figure 3. Geometry of the knee joint endoprosthesis assembly (a) and the generated FE mesh (b). 
The main assembly components are shown: Femoral Component, Tibial Insert, and Tibial Tray. 

2.4.2. Material Properties and Contact Definitions 

Materials were modeled as isotropic linear elastic solids with standard literature-con-
sistent properties commonly used for comparative contact-stress assessments: 

• Femoral component (CoCrMo alloy): 𝐸𝐸 = 210 GPa, 𝜈𝜈 = 0.30. 
• Tibial tray (Ti–6Al–4V alloy): 𝐸𝐸 = 110 GPa, 𝜈𝜈 = 0.34. 
• UHMWPE insert: 𝐸𝐸 = 1.0 GPa, 𝜈𝜈 = 0.40. 

Contact definitions were as follows: 

• Femoral component–insert frictional contact with coefficient 𝜇𝜇 = 0.04. 
• Insert–tray: bonded contact (fixed-fit approximation). 
• Base of tibial tray: fixed support constraint. 

Boundary conditions and contact regions are shown in Figure 4. 

 

Figure 4. Boundary conditions and loading scheme: Fixed Support at the base of the tibial tray; 
frictional contact between the femoral component and the insert (𝜇𝜇 = 0.04); bonded contact between 
the insert and the tray; axial compressive force 𝐹𝐹 = 1150 N at 0° flexion. 
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2.4.3. Loading, Solution Controls, and Mesh Convergence 

An axial compressive force 𝐹𝐹 = 1150 N was applied to the articular surface of the 
femoral component at 0° flexion to represent a stance-phase loading condition. Solution 
quality was controlled by local mesh refinement in the contact region and monitoring 
changes in peak contact pressure and von Mises equivalent stress; variations did not ex-
ceed 5%, indicating mesh-independent results under the adopted criterion. Detailed stress 
and pressure fields are reported in the Results section. 

3. Results 
3.1. Horizontal Vector of the Study 

At the second systemic level of care for patients with joint diseases, the diagnostic 
service portfolio typically includes ultrasound diagnostics, radiography, and MRI. In this 
study, the horizontal vector (L) focuses on knee MRI as an operational, process-oriented 
diagnostic system and decomposes the end-to-end workflow into five interacting agents: 

• A1—Agent “Scanning”: MRI acquisition and protocol execution (patient positioning, 
sequence selection, signal capture). 

• A2—Agent “3D modeling”: reconstruction of volumetric MR data and creation of a 
consistent anatomical representation. 

• A3—Agent “Slicing”: generation of 2D image planes (sagittal, coronal, axial) and in-
teractive reformatting. 

• A4—Agent “Control”: quality control of image adequacy (signal-to-noise, artefacts, 
protocol completeness) and verification against acceptance criteria. 

• A5—Agent “Solution”: clinical interpretation and diagnostic conclusion based on the 
evaluated image evidence. 

A structural–technological model of this workflow is provided in Figure 5, which is 
used as the operational basis for subsequent uncertainty modeling and risk estimation. 

 

Figure 5. Structural–technological model of magnetic resonance tomographic diagnostics. 
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3.2. First Stage: Protocolized Patient Pathway and Information Capture 

At the first stage, the radiology department operates within a protocolized pathway 
that begins with patient preparation and administrative intake and proceeds through ex-
amination planning and reporting. In the context of a digital workflow modeled using an 
IDEF0-style representation, the business process is expressed through the following oper-
ations: (i) admit the patient, (ii) create or update a medical record, (iii) refer to the radiol-
ogy department, (iv) prepare the patient for examination, (v) conduct the MRI examina-
tion, (vi) prescribe additional examinations if required, and (vii) issue a diagnostic con-
clusion. 

Although radiography may be used upstream as a complementary modality for spe-
cific clinical indications, the results presented below focus on MRI-specific stages (A1–A5) 
and the uncertainty and risk generated within the imaging and interpretation chain. 

3.3. Second Stage: DICOM-Based Visual Assessment and ROI Extraction 

At the second stage, diagnostic assessment is performed by visual analysis of MRI 
slices stored in DICOM format [34]. Representative MRI images used for visual assess-
ment of meniscal integrity are provided in Appendix A (Figure A1 for the sagittal view 
and Figure A2 for the coronal view), illustrating normal and pathological meniscal struc-
tures used for comparative evaluation. 

The DICOM format supports multiplanar inspection and arbitrary-angle visualiza-
tion using standard tools, enabling clinicians to interrogate the region of interest (ROI) 
and to apply routine clinical interpretation procedures. In the proposed workflow, the 
clinician first identifies an ROI on the original image and maps it to a numerical array 𝑋𝑋 
that represents pixel-level intensity values within the selected tissue region. 

3.4. Third Stage: Numerical ROI Modeling and Normalization-Based Enhancement 

3.4.1. ROI Representation and Interpretation Target 

MRI images are represented as grayscale pixel matrices, where each pixel stores an 
intensity value proportional to the measured signal. In this work, the proposed procedure 
does not treat “accuracy” as a property of isolated operations; instead, it treats reliability 
as a system-level outcome that emerges from the interaction of acquisition quality, post-
processing, acceptance criteria, and interpretive variability. This motivates the use of ex-
plicit uncertainty modeling and risk estimation in later stages. 

3.4.2. Normalization Procedures (Row-Wise and Column-Wise) 

Formally, for the ROI intensity matrix 𝑋𝑋 ∈ ℝ𝑅𝑅×𝐶𝐶, row-wise normalization is defined 
as [37]: 

𝑋𝑋𝑟𝑟,𝑐𝑐
(𝑟𝑟) = 𝑋𝑋𝑟𝑟,𝑐𝑐

max 
𝑐𝑐

(𝑋𝑋𝑟𝑟,𝑐𝑐)+𝜀𝜀
, 𝑟𝑟 = 1, … ,𝑅𝑅,  𝑐𝑐 = 1, … ,𝐶𝐶,   (15) 

and column-wise normalization as [38]: 

𝑋𝑋𝑟𝑟,𝑐𝑐
(𝑐𝑐) = 𝑋𝑋𝑟𝑟,𝑐𝑐

max 
𝑟𝑟

(𝑋𝑋𝑟𝑟,𝑐𝑐)+𝜀𝜀
.   (16) 

Here, 𝜀𝜀 is a small constant used to avoid division by zero. 
These normalized matrices 𝑋𝑋(𝑟𝑟) and 𝑋𝑋(𝑐𝑐) are used (i) to produce the enhanced slices 

shown in Figure 6 and (ii) to compute the normalized one-dimensional profiles 𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟 in 
Section 3.4.3, ensuring comparability of relative contrast patterns across rows/columns re-
gardless of global brightness scaling. 

After ROI extraction, the array 𝑋𝑋  is normalized using two complementary proce-
dures to enhance interpretability and reduce certain types of intensity-scale variability: 

https://doi.org/10.3390/app16031554


Appl. Sci. 2026, 16, 1554 14 of 27 
 

https://doi.org/10.3390/app16031554 

1. Row-wise normalization: for each row 𝑟𝑟 , all values are divided by the maximum 
value in that row, producing a normalized row profile that emphasizes within-row 
relative contrasts. 

2. Column-wise normalization: similarly, for each column 𝑐𝑐, all values are divided by 
the maximum value in that column, producing a normalized column profile. 

These operations function as simple, transparent intensity rescaling filters that can 
reduce the effect of global brightness variation and highlight internal heterogeneity pat-
terns within the ROI. 

The effect of the transformations is shown in Figure 6, where the normalized images 
provide a clearer delineation of anatomical slice structures compared with the original 
tomographic slice. 

   
(a) (b) (c) 

Figure 6. Original and transformed tomographic images of the knee joint, where: (a) the original 
tomographic slice of the knee joint; (b) the normalized tomographic slice (row-wise normalization); 
(c) the normalized tomographic slice (column-wise normalization). 

3.4.3. One-Dimensional Pixel-Intensity Profiles 

To support the clinician’s qualitative assessment with an additional quantitative 
view, pixel-intensity profiles are extracted from selected rows or columns of the ROI. Fig-
ure 7 illustrates a representative one-dimensional profile extracted from a single row 
within Block 1 of the ROI (from the normalized ROI in Section 3.4.2). In this figure, the 
vertical axis 𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟  denotes relative pixel intensity (normalized), and 𝑀𝑀 denotes the pixel 
index along the selected row. 

The plot reveals pronounced heterogeneity along the row, consistent with spatial 
variation in tissue signal intensity, which can be interpreted as a proxy for local differences 
in water content and tissue structure. Graphical modeling for Figure 8 was performed 
using Statistica 10. Statistica 10 is a commercial statistical analysis and data visualization 
software package (TIBCO Software Inc.) used here only to generate the line plot and to 
export the figure in publication-ready format; no additional statistical inference beyond 
visualization was performed in Statistica. 
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Figure 7. One-dimensional pixel-intensity profile extracted from a single row of the ROI (Block 1), 
where the vertical axis 𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟 represents the normalized relative pixel intensity and 𝑀𝑀 denotes the 
pixel index. 

 

Figure 8. Computer experiment results: dependence of the estimated consumer’s risk 𝑁𝑁�𝑐𝑐𝑐𝑐 on the 
ratio 𝜎𝜎𝜇𝜇/𝜎𝜎𝑆𝑆 under three boundary settings 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + {1,2,3}𝜎𝜎𝑆𝑆. 

3.5. Fourth Stage: Maturity–Risk Computer Experiment (Horizontal Vector Risk Metrics) 

3.5.1. Digital Maturity Outcome (Vertical Vector Summary Used for Coupling) 

The structural model in Figure 1 assumes operation of the radiology department un-
der digital transformation (Industry 4.0 principles) within an ISO-certified quality man-
agement environment. The effectiveness of the vertical vector is quantified by the digital 
maturity index 𝐾𝐾sum , computed as a weighted aggregation of six agents (technical, 
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information–analytical, mathematical/model, metrological, human resources, and soft-
ware support) as defined in Section 2.2. 

For the evaluated department-year scenario (2024), the calculated maturity index was 
𝐾𝐾sum = 0.67, which corresponds to the “Good” maturity category on the adopted desira-
bility scale (0.63–0.80). The maturity value 𝐾𝐾sum is subsequently used to parameterize un-
certainty magnitude in the risk model via the coupling defined in Equations (13) and (14). 

3.5.2. Risk Experiment Design and Parameter Definitions 

A computer experiment was conducted using the developed software module to in-
vestigate how parametric uncertainty affects diagnostic control risks. The modeled quan-
tities were: 

• 𝑆𝑆sr: mean of the controlled parameter 𝑆𝑆; 
• 𝜎𝜎𝑆𝑆: standard deviation of the controlled parameter 𝑆𝑆; 
• 𝜎𝜎𝜇𝜇: standard deviation of the measurement/interpretation channel error (linked to Δ); 
• 𝑆𝑆𝑆𝑆: standard boundary (acceptance boundary) used for the decision rule 𝑆𝑆𝑚𝑚 ≤ 𝑆𝑆𝑆𝑆 

(Section 2.3.2). 
Risk probabilities were evaluated as functions of the ratio 𝜎𝜎𝜇𝜇/𝜎𝜎𝑆𝑆 while varying the 

boundary level. For comparability with conventional statistical-control interpretations, 
the boundary was parameterized as: 

• 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 1𝜎𝜎𝑆𝑆; 
• 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 2𝜎𝜎𝑆𝑆; 
• 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 3𝜎𝜎𝑆𝑆. 

In the simulation, the estimated probabilities 𝑁𝑁�𝑝𝑝𝑝𝑝  (producer’s risk; false rejection) 
and 𝑁𝑁�𝑐𝑐𝑐𝑐  (consumer’s risk; undetected defect) were computed as defined in Equations (11) 
and (12). 

3.5.3. Risk Curves and Interpretation 

The simulation results are summarized in Figure 8, which shows the dependence of 
the consumer’s risk 𝑁𝑁�𝑐𝑐𝑐𝑐  on the ratio 𝜎𝜎𝜇𝜇/𝜎𝜎𝑆𝑆 for the three boundary settings defined above. 

Figure 8 exhibits three curves. The upper curve corresponds to 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 1𝜎𝜎𝑆𝑆, indi-
cating the highest consumer’s risk at comparable uncertainty ratios. The second curve cor-
responds to 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 2𝜎𝜎𝑆𝑆, showing reduced risk across the examined range. The third 
curve approaches zero for 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 3𝜎𝜎𝑆𝑆, indicating that a stricter acceptance boundary 
substantially suppresses the probability of an undetected defect under the modeled as-
sumptions. 

Across scenarios, the risks increase with the uncertainty ratio 𝜎𝜎𝜇𝜇/𝜎𝜎𝑆𝑆, consistent with 
the interpretation that larger measurement/interpretation variability relative to intrinsic 
process variability increases misclassification. Because 𝑁𝑁�𝑐𝑐𝑐𝑐  corresponds to acceptance of 
a nonconforming case, it directly relates to patient-facing risk and should, therefore, be 
prioritized when selecting organizational and technical measures aimed at improving di-
agnostic reliability. 

3.5.4. Clarification of the Control-Error Model Figure and Notation 

A graphical interpretation of control error formation under uncertainty is provided 
in Figure 9. In this representation, 𝑆𝑆 is the controlled parameter with density 𝑓𝑓𝑆𝑆(𝑠𝑠), 𝑆𝑆𝑆𝑆 is 
the decision boundary, and Δ  is the measurement/interpretation error with density 
𝑓𝑓Δ(𝛿𝛿). The measured value 𝑆𝑆𝑚𝑚 is generated by 𝑆𝑆𝑚𝑚 = 𝑆𝑆 + Δ. Importantly, the probability 
density of the error is written as 𝑓𝑓Δ(𝛿𝛿) with argument 𝛿𝛿; the measured value has density 
𝑓𝑓𝑆𝑆𝑚𝑚(𝑠𝑠𝑚𝑚) with argument 𝑠𝑠𝑚𝑚. This consistent notation is used throughout the Results and 
aligns the variable arguments with the intended random quantities. 
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Figure 9. Graphical interpretation of control error formation under uncertainty for the controlled 
parameter 𝑆𝑆, decision boundary 𝑆𝑆𝑆𝑆, measurement/interpretation error Δ, and measured value 
𝑆𝑆𝑚𝑚. 

3.6. Results of the FE Analysis: Contact Pressures and Equivalent Stresses 

The FE analysis (Section 2.4) showed that contact loads on the UHMWPE insert are 
predominantly localized in the medial and lateral primary-contact zones with the femoral 
component. The maximum contact pressure on the articulating surface reached 85.449 
MPa, forming distinct peak regions (Figure 10a). The maximum von Mises equivalent 
stress within the UHMWPE volume reached 43.686 MPa (Figure 10b). The spatial config-
uration of the pressure and stress fields is consistent with the applied axial load 𝐹𝐹 = 1150 
N at 0° flexion and with the boundary conditions specified in Figures 4 and 5. 

Sв 
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(a) (b) 

Figure 10. FE analysis results for the tibial assembly under 𝐹𝐹 = 1150 N at 0° flexion: (a) contact 
pressure distribution on the UHMWPE insert; (b) von Mises equivalent stress distribution within 
the UHMWPE insert. 

From a tribo-mechanical wear perspective, both indicators are relevant: peak contact 
pressure relates to local energy intensity in micro-cycles of sliding and rolling, while ele-
vated equivalent stress in UHMWPE indicates increased risk of localized deformation and 
microdamage under repeated gait loading. The obtained extrema and the shape of the iso-
fields motivate the need for parametric optimization of component positioning and con-
tact-surface geometry to reduce peak stresses and, consequently, potential wear intensity. 

4. Discussion 
This study proposes an integrated pathway for strengthening the reliability of knee 

MRI by combining (i) an operational diagnostic control-risk model under uncertainty and 
(ii) a quantitative assessment of organizational digital maturity. The central contribution 
is the two-vector framework: a horizontal vector that formalizes misclassification risks 
relative to an acceptance boundary, and a vertical vector that captures departmental ca-
pability to execute, monitor, and improve diagnostic workflows under digital transfor-
mation. By quantifying both dimensions and explicitly coupling them (digital maturity → 
uncertainty magnitude → risk), the framework clarifies where uncertainty accumulates 
and which organizational levers can reduce diagnostic error risk most efficiently. 

4.1. Interpretation of the Horizontal Vector Results: What Drives Risk in MRI Decision Control 

The results demonstrate that the estimated producer’s and consumer’s risks increase 
monotonically with the uncertainty ratio 𝜎𝜎𝜇𝜇/𝜎𝜎𝑆𝑆, consistent with decision-control theory: 
as measurement/interpretation variability becomes comparable to intrinsic variability of 
the controlled parameter, misclassification becomes more likely. The computer experi-
ment further shows that the position of the acceptance boundary 𝑆𝑆𝑆𝑆 strongly shapes er-
ror probabilities: moving from 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 𝜎𝜎𝑆𝑆  to 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 2𝜎𝜎𝑆𝑆  reduces the consumer-
facing error probability across the tested range, while 𝑆𝑆𝑆𝑆 = 𝑆𝑆sr + 3𝜎𝜎𝑆𝑆 drives 𝑁𝑁�𝑐𝑐𝑐𝑐  toward 
zero under the modeled assumptions (Figure 9). This behavior is consistent with the prob-
abilistic structure of the risk expressions (Equations (8) and (9)) and provides a quantita-
tive basis for understanding how tighter acceptance criteria, when clinically justified, can 
suppress undetected-defect risk. 
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A practical implication is that risk reduction cannot be achieved solely by improving 
one isolated step (e.g., a marginal gain in slice quality or a single post-processing opera-
tion). Instead, the risk curves imply that reducing diagnostic error probability requires 
controlling (i) the magnitude of the measurement/interpretation uncertainty Δ (training, 
protocol stability, QA), and (ii) the operational definition and stability of the acceptance 
boundary 𝑆𝑆𝑆𝑆  (clear thresholds, documented criteria, consistent application). In other 
words, reliability emerges from governance of the full chain rather than from local “accu-
racy” improvements alone. 

4.2. Interpretation of the Vertical Vector and the Coupling: Why Digital Maturity Matters 
Quantitatively 

Digital maturity is frequently discussed qualitatively, but the present work treats it 
as a measurable capability that influences diagnostic reliability through explicit coupling. 
The 2024 maturity value 𝐾𝐾sum = 0.67 corresponds to a “Good” maturity category and in-
dicates that the department operates with substantive—but not maximal—readiness 
across technical, informational, metrological, staffing, modeling, and software capabili-
ties. The key added value is that maturity is not only reported but used as a parameteri-
zation mechanism for uncertainty bounds in the horizontal risk model (Equations (13) and 
(14)). This coupling makes the framework operational: improvements in maturity agents 
(e.g., protocol versioning, calibration traceability, systematic training) reduce the effective 
uncertainty magnitude and therefore shift operating points toward lower 𝑁𝑁�𝑝𝑝𝑝𝑝 and 𝑁𝑁�𝑐𝑐𝑐𝑐 . 

This finding is coherent with broader evidence that digital maturity shapes workflow 
reliability by affecting data completeness, traceability, and protocol adherence [24–26]. 
Mature electronic health record integration and governance are associated with consistent 
information exchange and auditability, which are prerequisites for dependable imaging 
pipelines [25,26]. Similarly, IoT and e-health infrastructure can enlarge the stream of con-
textual data and QA telemetry that supports systematic monitoring and correction of de-
viations when appropriately governed [27,28]. In the present framework, these influences 
are reflected through reduced uncertainty bounds and improved stability of operational 
thresholds. 

4.3. Why a Bounded (Uniform) Uncertainty Baseline Is Defensible—And How It Should Evolve 

A key methodological choice in the present study is the use of a bounded uniform 
distribution as a baseline representation of uncertainty when only plausible bounds can 
be justified. In early phases of digital transformation or when structured historical QA 
datasets are not yet sufficiently dense, assuming a Gaussian error model may impose un-
justified symmetry and tail behavior. A bounded baseline can, therefore, be an appropri-
ate conservative starting point: it explicitly encodes limited knowledge (“the error lies 
within known limits”) rather than asserting a distributional shape unsupported by data. 

At the same time, this is an assumption that must be tested and refined as data accu-
mulates. The framework is designed to support that evolution: as QA logs and outcomes-
linked datasets expand (i.e., “Big Data systems” understood as continuously updated clin-
ical and operational datasets), the uncertainty model can be calibrated toward empirically 
supported distributions. This is especially relevant in MRI contexts where error behavior 
may be heteroskedastic (varying with anatomy, motion, and sequence), bounded by pro-
tocol constraints, or multimodal due to reader-dependent effects. Accordingly, future de-
ployments should include routine distributional diagnostics, and sensitivity checks to 
quantify how strongly 𝑁𝑁�𝑝𝑝𝑝𝑝 and 𝑁𝑁�𝑐𝑐𝑐𝑐  depend on the selected uncertainty family. 
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4.4. Why a Weighted Fuzzy Aggregation Model Was Chosen Instead of a Rule-Based Fuzzy 
Inference System 

A further methodological choice concerns the digital maturity model. A rule-based 
fuzzy inference system (FIS) can be powerful when a stable and validated rule base exists 
(e.g., “IF software interoperability is low AND staffing competency is low THEN risk is 
high”). However, in multi-factor organizational contexts where institutions differ in work-
flow design and where rule bases are difficult to standardize across sites, a transparent 
weighted aggregation approach provides stronger portability and auditability. The 
weighted model used here (Equations (4) and (5)) is fully specified by (i) membership 
functions and (ii) weights; both can be elicited, documented, and updated systematically. 

This choice also supports reproducibility under limited evidence: the model can be 
recalibrated by updating weights and membership parameters as more institutional data 
becomes available, without requiring a complete redesign of an inference rule base. None-
theless, the approach has limitations: it assumes largely compensatory trade-offs between 
agents (high performance in one agent can partially offset weakness in another), which 
may not always hold. A hybrid design is, therefore, a reasonable future direction—using 
weighted aggregation for global maturity scoring, and a rule-based FIS for targeted high-
risk patterns once sufficient evidence exists to validate rules. 

4.5. Clinical Relevance of Linking MRI Reliability to FE Contact Mechanics 

One concern raised by the reviewers is whether coupling MRI diagnostic reliability 
to FE wear analysis is clinically meaningful rather than conceptual. The intent of the FE 
module in this manuscript is not to claim that MRI uncertainty directly determines im-
plant wear in a deterministic manner, but to demonstrate a pragmatic pathway by which 
upstream reliability can be translated into downstream consequence-aware reasoning. 

The FE results quantify contact pressure and UHMWPE stress under standardized 
loading and boundary conditions. The predicted maxima—85.449 MPa peak contact pres-
sure and 43.686 MPa von Mises stress in UHMWPE under 𝐹𝐹 = 1150 N at 0° flexion (Fig-
ure 10)—identify where mechanical demands concentrate and, therefore, where wear or 
damage risk is expected to be most sensitive to alignment, geometry, and loading assump-
tions. In practice, diagnostic reliability affects downstream decisions by influencing: 

1. Whether the imaging evidence supports high-confidence characterization of pathol-
ogy and alignment-relevant anatomy; 

2. Whether repeat imaging or second reading is indicated for ambiguous cases;  
3. Whether planning should incorporate conservative assumptions for geometry/posi-

tioning when imaging uncertainty is high. 

Thus, the linkage provides a consequence-based motivation for improving reliability: 
reducing diagnostic uncertainty is not only an abstract quality objective but supports 
more stable downstream decision pathways. 

4.6. Practical Recommendations to Reduce MRI Diagnostic Error Risk 

The framework yields actionable recommendations that map directly to the maturity 
agents and the risk mechanisms: 

1. Stabilize and version MRI acquisition protocols (Y6, Y1): implement protocol tem-
plates with version control and enforce sequence completeness checks to reduce pro-
tocol-induced variability in Δ. 

2. Strengthen metrological assurance (Y4): document calibration routines, acceptance 
criteria, and uncertainty bounds for key acquisition settings; ensure traceability of 
scanner maintenance and QA results. 
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3. Improve data completeness and auditability (Y2): standardize metadata capture (pa-
tient motion notes, coil selection, protocol IDs) and maintain QA logs linking proto-
col versions to outcomes and error events. 

4. Targeted training and double-reading for high-uncertainty cases (Y5): define triggers 
based on risk indicators (e.g., cases near the decision boundary 𝑆𝑆𝑆𝑆, low SNR, motion 
artefacts) that prompt second reading or repeat scanning. 

5. Use normalization and ROI profiling as transparent aids—not replacements—for 
clinical judgment: row/column normalization and pixel-intensity profiling (Figures 7 
and 8) should be treated as interpretive support tools; their parameters should be 
standardized to avoid operator-dependent variability. 

These recommendations directly address the reviewer concern that “practical recom-
mendations” were stated as an objective but not operationalized. Here, each recommen-
dation is tied to a specific maturity agent and an uncertainty mechanism that feeds into 
𝑁𝑁�𝑝𝑝𝑝𝑝 and 𝑁𝑁�𝑐𝑐𝑐𝑐 . 

4.7. Limitations and Future Work 

Several limitations should be noted. First, expert elicitation is inherently subjective; 
although agreement was substantial, weights and membership functions may vary across 
institutions. Second, the bounded uncertainty baseline (uniform distribution) is appropri-
ate under limited data but should be replaced by empirically estimated distributions as 
QA datasets expand. Third, the current validation is computational and illustrative; mul-
ticenter validation is required to establish generalizability across scanner vendors, clinical 
protocols, and patient populations. Fourth, the FE module demonstrates biomechanical 
consequence metrics under a standardized loading case; broader loading scenarios and 
patient-specific geometries are needed for direct clinical prediction. 

Future work should, therefore, (i) deploy the framework across multiple sites and 
vendors, (ii) link uncertainty and risk estimates to clinical outcomes and revision events 
to close the learning loop, (iii) implement sensitivity analyses that quantify the impact of 
membership-function and weight variation on 𝐾𝐾sum, 𝑁𝑁�𝑝𝑝𝑝𝑝, and 𝑁𝑁�𝑐𝑐𝑐𝑐 , and (iv) incorporate 
explainable AI tools that identify local drivers of uncertainty at the case level while pre-
serving auditability and safety in clinical use. 

5. Conclusions 
This study introduced an integrated two-vector framework to improve the reliability 

of knee MRI diagnostics by coupling a diagnostic control-risk model (horizontal opera-
tional vector) with a quantitative digital maturity assessment of the radiology service (ver-
tical organizational vector). The vertical vector aggregates six capability agents—technical 
infrastructure, information and analytical support, mathematical/model support, metro-
logical assurance, human resources, and software support—into a composite maturity 
score 𝐾𝐾sum. The horizontal vector quantifies producer’s and consumer’s risks as misclas-
sification probabilities relative to a standard boundary 𝑆𝑆𝑆𝑆 under uncertainty in measure-
ment and interpretation. 

The results show that diagnostic risk increases systematically as measurement/inter-
pretation variability approaches intrinsic variability of the controlled parameter, and that 
the positioning of the decision boundary 𝑆𝑆𝑆𝑆  strongly modulates consumer-facing risk 
(Figure 9). The maturity assessment for 2024 yielded 𝐾𝐾sum = 0.67 (“Good”), and the cou-
pling principle demonstrates how maturity improvements can be translated into reduced 
uncertainty bounds and, therefore, lower estimated risks. The FE analysis further pro-
vides an illustrative consequence layer, reporting a peak contact pressure of 85.449 MPa 
and UHMWPE von Mises stress of 43.686 MPa under 𝐹𝐹 = 1150 N at 0° flexion (Figure 
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10), motivating why upstream reliability improvements matter for downstream decision 
pathways. 

Overall, integrating digital maturity monitoring with interpretable risk modeling 
provides a scalable and reproducible basis for risk-informed quality assurance in MRI di-
agnostics. The approach yields concrete targets for protocol governance, metrological 
traceability, workforce training, and software reliability, and it is readily extensible to 
multicenter validation and data-driven refinement as institutional QA datasets mature. 
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MRI Magnetic Resonance Imaging 
CT Computed Tomography 
US Ultrasound 
HACCP Hazard Analysis and Critical Control Point 
ISO International Organization for Standardization 
EHR Electronic Health Record 
IoT Internet of Things 
AI Artificial Intelligence 
DL Deep Learning 
CNN Convolutional Neural Network 
PNO Producer/Consumer Risk (in %) 
Big Data Large-Scale Data Collection and Processing 
V Vertical Management Vector 
L Horizontal Control Vector 
ISO 31000 ISO Standard for Risk Management 
T2 Map Quantitative T2 Relaxation Mapping 
3D MRI Three-Dimensional Magnetic Resonance Imaging 
RF Radiofrequency 
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Appendix A 
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Figure A1. MRI images of the knee joint in the sagittal projection. Images (a), (c), and (e) show intact 
menisci (normal structure); images (b), (d), and (f) demonstrate pathological changes consistent 
with meniscus damage (tears or degeneration). The red boxes indicate the region of interest (menis-
cal area) used for visual comparison. 

  
(a) (b) 
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(c) (d) 

  
(e) (f) 

Figure A2. MRI images of the knee joint in the coronal projection. Images (a), (c), and (e) show intact 
menisci (normal structure); images (b), (d), and (f) demonstrate pathological changes consistent 
with meniscus damage (tears or degeneration). The red boxes indicate the region of interest (menis-
cal area) used for visual comparison. 
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