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Executive Summary 
Clustering remains one of the most widely used components in modern data science and 
machine learning pipelines. Far from being merely exploratory, it structures downstream models, 
shapes human interpretation, and directly influences strategic, operational, and scientific 
decisions. Yet one of its most critical aspects remains largely unresolved: the choice of the 
number of clusters (K). 

In most standard approaches, K is selected through heuristics, trial-and-error, or opaque metric 
interpretations. This makes clustering results difficult to justify, reproduce, or defend once they 
are used in real decision processes. In production environments, this uncertainty becomes a 
structural weakness. 

This White Paper introduces a fundamentally different approach: deterministic clustering 
designed to compute not only a partition, but the best defensible partition — including an 
explicit recommendation of K₍best₎. 

Solving the Hard Problem: Computing K₍best₎ Deterministically 

At the core of this work lies MRC (MathIAs+® Responsible Clustering), a deterministic clustering 
system built to address the hardest unresolved problem in unsupervised learning: turning the 
choice of K into a measurable, documented, and reproducible decision. 

MRC departs from stochastic, initialization-dependent methods by design. It systematically 
explores a bounded range of K values, evaluates partitions using proprietary decision-oriented 
metrics, and identifies a recommended K₍best₎ based on objective signals of quality, stability, and 
structural coherence. This process produces: 

• a best partition, reproducible by construction, 

• an explicit recommendation of K₍best₎, 

• and signals and alerts when further segmentation becomes artificial or fragile. 

This approach does not rely on chance, repeated random restarts, or post-hoc selection. It 
replaces approximation with computation. 

Performance without Sacrifice 

A common assumption is that determinism comes at the cost of performance. The results 
presented in this document contradict this belief. 

Empirical evaluations on academic benchmarks and controlled synthetic datasets show that 
deterministic MRC achieves partition quality comparable to, and often on par with, KMeans++, 
while eliminating outcome variability. This includes cases with convex structures as well as 
non-convex topologies (e.g. moons). 

The true trade-off is not performance, but compute time. MRC deliberately accepts longer 
computation to obtain certainty, stability, and defendability — properties that stochastic methods 
cannot guarantee. In decision-critical and industrial contexts, this trade-off is not a limitation, but 
a rational engineering choice. 
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From Better Clustering to Responsible AI 

By transforming implicit clustering choices into explicit, documented decisions, MRC naturally 
aligns with core Responsible AI principles worldwide: 

• Reproducibility and robustness, ensured by determinism by design 

• Transparency and explainability, through readable metrics and signals 

• Human oversight, enabled by interpretable decision artifacts rather than opaque scores 

Responsible AI is not an overlay or a compliance layer added after the fact. It is the direct 
consequence of a clustering system designed to support real decisions instead of 
exploratory experimentation only. 

AI Act Compliance as a Derived Capability (EU) 

Because MRC produces reproducible results, explicit run identifiers, structured artifacts, 
execution logs, and decision signals, it inherently satisfies key requirements of the European AI 
Act related to traceability, documentation, robustness, and human supervision. 

AI Act compliance is therefore not the motivation behind MRC, but the regulatory recognition of 
a sound algorithmic and architectural design. The same properties that make MRC valuable in 
innovation-driven environments also make it audit-ready in regulated contexts. 

A New Standard for Clustering in Production 

This White Paper argues that clustering should no longer be treated as a disposable exploratory 
tool. When used in real systems, it must be: 

• deterministic, 

• computable rather than guessed, 

• explainable at the decision level, 

• and industrially governable. 

MRC demonstrates that it is possible to compute K₍best₎, preserve top-tier performance, and 
meet Responsible AI and AI Act expectations within a single coherent design. 

If regulation did not exist, this system would still make sense. Regulation simply confirms that it 
was the right engineering path. 
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Chapter 1 — The Hard Problem of Clustering 
Clustering is often introduced as an unsupervised learning primitive, typically associated with 
exploratory analysis or preliminary data structuring. In practice, however, clustering plays a far 
more critical role. It shapes how data is interpreted, how downstream models are trained, and 
how decisions are ultimately made. In production systems, clustering is rarely an isolated 
analytical exercise: it is a decision-structuring component whose outputs influence business 
strategies, scientific interpretations, and automated or semi-automated decisions. 

1.1 From Exploration to Decision Infrastructure 
In modern data pipelines, clustering frequently acts as an upstream dependency. Customer 
segments determine pricing or targeting strategies; patient cohorts guide clinical analysis; data 
partitions condition the behavior of supervised models trained on clustered data. Once a 
clustering result is consumed downstream, its structure becomes persistent. Re-running a 
different clustering at a later stage often leads to incompatible results, retrospective 
inconsistencies, or decisions that cannot be reconciled with past analyses.  

Despite this structural role, clustering is still commonly treated as an exploratory tool. Results are 
generated quickly, inspected visually or through a small set of metrics, and then accepted as a 
working assumption. The implications of this acceptance are rarely examined, even though 
clustering outcomes can silently redefine the decision space for months or years. 

This gap between practical impact and methodological treatment creates a fundamental 
problem: clustering is used to support decisions, yet it is rarely designed as a decision-grade 
system. 

1.2 The Central Unresolved Question: Choosing K 
At the heart of clustering lies a deceptively simple question: how many clusters should be 
produced? The number of clusters (K) directly determines the resolution at which data is 
interpreted. Too few clusters may obscure meaningful structure; too many may introduce artificial 
distinctions where none exist. 

In standard practice, K is chosen through a combination of heuristics, domain intuition, and 
post-hoc inspection. Techniques such as the elbow method, silhouette scores, or information 
criteria are widely used, but they rarely lead to a single, unambiguous answer. Instead, they 
provide curves, local optima, or ranges that require subjective interpretation.  

As a result, K is often selected because it appears “reasonable,” aligns with prior expectations, or 
matches an external constraint. Once chosen, this value becomes embedded in downstream 
systems and analyses without a clear explanation of why alternative values were rejected. 

The consequence is that K becomes a hidden decision: influential, yet undocumented and 
difficult to justify ex post. 

1.3 Stochastic Methods and the Illusion of Speed 
Most widely deployed clustering algorithms rely on stochastic processes, particularly during 
initialization. While this randomness enables rapid convergence in many cases, it also introduces 
variability. The same dataset, processed with the same apparent parameters, can yield different 
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partitions across runs. To mitigate this instability, practitioners often rely on multiple restarts and 
selection of the “best” run based on an objective score. 

In practice, this approach creates an illusion of efficiency. While individual runs may be fast, the 
overall process involves repeated executions, manual inspection, and informal selection criteria. 
Crucially, once a result is chosen, there is no guarantee that the same outcome can be 
reproduced later — nor that the chosen partition reflects a globally defensible structure rather 
than a favorable random initialization.  

This stochasticity may be acceptable in purely exploratory contexts, but it becomes problematic 
when clustering informs real decisions. Without reproducibility, it is impossible to reconstruct 
how a particular grouping was obtained or to demonstrate that the same reasoning would lead to 
the same outcome today. 

1.4 Why the Problem Persists 
The difficulty of clustering does not lie in computing partitions per se, but in turning clustering 
outcomes into defensible decisions. Current approaches optimize local objective functions, 
yet they leave key design choices implicit. The selection of K, the acceptance of a given partition, 
and the interpretation of quality metrics remain largely informal. 

As long as clustering is treated as a transient exploratory step, these limitations may remain 
hidden. When clustering is used as infrastructure, however, the lack of explicit decision logic 
becomes a liability. Decisions derived from such systems cannot be easily justified, audited, or 
reproduced — not because the algorithms are incorrect, but because they were never designed 
to support decision accountability.  

1.5 Reframing the Problem 
The hard problem of clustering is therefore not the absence of algorithms or metrics, but the 
absence of decision-oriented design. What is needed is not another heuristic for selecting K, but 
a framework that: 

• treats K as a decision to be computed rather than guessed, 

• makes trade-offs explicit and measurable, 

• ensures reproducibility by design, 

• and produces artifacts that can be examined, questioned, and revisited over time. 

Addressing this problem requires stepping beyond stochastic convenience and embracing a more 
demanding approach: one that may require more computation upfront, but delivers certainty, 
stability, and accountability in return. 

The following chapters introduce such an approach, based on deterministic clustering designed 
to compute both the best partition and an explicit recommendation for K₍best₎. This reframing 
transforms clustering from an exploratory technique into a decision-grade system — suitable for 
production, Responsible AI practices, and regulated environments alike.  
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Chapter 2 — Deterministic MRC & K₍best₎ Computation 
Addressing the hard problem of clustering requires a shift in perspective. Rather than treating 
clustering as a stochastic optimization exercise aimed at producing any acceptable partition, 
MRC (MathIAs+® Responsible Clustering) approaches clustering as a decision computation 
problem. Its objective is not merely to group data points, but to compute the best defensible 
partition—including an explicit and reproducible recommendation for the number of clusters, 
K₍best₎. 

This chapter presents the design principles and mechanisms that make such a computation 
possible. 

2.1 Determinism by Design 
The foundation of MRC is determinism by design. In contrast to most standard clustering 
algorithms, MRC does not rely on random initializations, stochastic restarts, or probabilistic 
convergence shortcuts. Given identical input data and parameters, MRC will always produce the 
same result. 

This determinism is not an optional configuration or a deployment constraint; it is a structural 
property of the algorithm. It ensures that clustering outcomes are: 

• reproducible across runs, 

• stable across environments, 

• and defensible ex post, as the same reasoning always leads to the same result. 

Determinism transforms clustering from a fragile exploratory step into a repeatable 
computational process. Without it, any attempt to document, audit, or revisit clustering decisions 
remains inherently incomplete. 

2.2 From Single-Run Optimization to Multi-K Exploration 
A second defining characteristic of MRC is its rejection of single-value clustering. Standard 
approaches implicitly assume that the problem can be solved by selecting a value for K, running 
the algorithm once (or a few times), and evaluating the outcome locally. 

MRC instead treats the choice of K as an integral part of the computation. Rather than optimizing 
for a single configuration, it performs a systematic exploration of a bounded range of K values. 
For each candidate K, a deterministic partition is produced and evaluated. 

This multi-K approach enables: 

• direct comparison between alternative partitions, 

• identification of structural transitions and instability zones, 

• detection of over-segmentation effects as K increases. 

By observing how clustering behavior evolves across K, MRC replaces isolated local optima with 
a global decision landscape. 
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2.3 Decision-Oriented Metrics 
Evaluating clusters across multiple values of K requires metrics designed for decision-making, 
not merely algorithm comparison. MRC therefore relies on proprietary decision-oriented 
metrics that go beyond traditional quality indicators. 

These metrics are designed to capture three complementary dimensions:  

1. Partition quality, measuring how coherent and well-separated the clusters are. 

2. Stability, assessing how cluster structures persist or fragment as K changes. 

3. Structural coherence, including signals related to artificial splits, weak cohesion, or 
excessive fragmentation. 

Rather than producing a single abstract score, MRC generates a set of interpretable signals that 
characterize each candidate partition. These signals are directly consumable by human 
decision-makers and remain consistent across runs due to determinism. 

2.4 Computing K₍best₎ as an Explicit Recommendation 
From this multi-K evaluation, MRC computes an explicit recommendation: the value of K₍best₎. 

Importantly, K₍best₎ is not presented as a mathematical oracle or a universally optimal truth. It 
represents the best identified trade-off between quality, stability, and structural coherence 
within the analyzed range. The recommendation is: 

• explicit: alternatives are visible and comparable, 

• documented: supporting metrics and signals are preserved, 

• reproducible: the same input always yields the same recommendation. 

When no clear optimum emerges, MRC does not conceal ambiguity. Instead, it emits alerts and 
warnings indicating unstable or artificial segmentation zones. This transparency ensures that 
uncertainty is surfaced rather than hidden behind heuristics. 

In this sense, K₍best₎ is a decision aid, not a black-box verdict. 

2.5 Understanding the Trade-off: Compute Time vs Certainty 
Deterministic, multi-K computation comes at a cost. Compared with stochastic clustering 
methods that seek rapid convergence, MRC requires longer computation time. This increase is 
not accidental; it is the direct consequence of replacing approximation and randomness with 
exhaustive, controlled analysis. 

The trade-off is therefore clear: 

• stochastic methods optimize local execution speed, 

• MRC optimizes decision certainty and stability. 

While stochastic approaches may appear faster in isolation, they often require multiple runs, 
manual selection, and subjective judgment. MRC consolidates this effort into a single, 
well-defined computation whose outcome can be trusted, reused, and defended. 
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In domains where clustering results influence lasting decisions, this trade-off is not a drawback 
but a rational engineering choice. 

2.6 From Computation to Decision-Grade Clustering 
By combining determinism, systematic multi-K exploration, and decision-oriented metrics, MRC 
transforms clustering into a decision-grade system. Each run produces: 

• a best partition, 

• an explicit K₍best₎ recommendation, 

• structured signals and alerts documenting limitations and risks. 

This design removes guesswork from the core of clustering. Choices that were previously implicit 
become explicit, measurable, and reviewable over time. 

The next chapter shows that this transformation has consequences beyond technical quality. By 
making clustering decisions computable and reproducible, MRC naturally aligns with global 
Responsible AI principles—without requiring additional overlays or compliance layers. 

Chapter 3 — Performance Without Sacrifice 
A persistent assumption in the clustering literature is that determinism inevitably comes at the 
expense of performance. Faster convergence, it is often argued, requires stochastic shortcuts; 
reproducibility is treated as a secondary concern, suitable only for controlled experiments or 
post-processing steps. This chapter challenges that assumption. 

The empirical results presented here show that deterministic clustering, when designed as a 
decision computation rather than a single-run optimization, does not require sacrificing 
partition quality. Instead, it reframes what “performance” means in production-grade systems. 

3.1 The False Trade-off: Determinism vs Performance 
In many practical discussions, clustering performance is reduced to a narrow criterion: the value 
of an objective function obtained in a single run. Stochastic methods such as KMeans++ are often 
favored because they converge quickly and can, under favorable random initializations, reach 
strong local optima. 

However, this framing hides an important reality. In practice, stochastic clustering is rarely 
executed once. Multiple restarts are common, followed by manual or heuristic selection of the 
“best” outcome. The apparent speed of a single run does not reflect the total effort required to 
obtain an acceptable result, nor does it guarantee reproducibility. 

Deterministic MRC takes a different stance. By removing randomness and explicitly exploring the 
configuration space, it replaces opportunistic convergence with controlled computation. The 
result is not an approximation chosen by chance, but a partition selected through systematic 
evaluation. 

3.2 Empirical Evidence on Standard Benchmarks 
The performance of MRC has been evaluated on widely used academic benchmarks, including 
medium-dimensional datasets where clustering quality can be measured using standard metrics. 
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Across these benchmarks, deterministic MRC consistently achieves partition quality 
comparable to that of KMeans++, as measured by inertia, silhouette-based indicators, and other 
classical criteria. In many configurations, MRC matches the best results typically obtained after 
several stochastic restarts, while producing the same outcome every time. 

Two observations are particularly important: 

• Determinism does not entail a systematic degradation of partition quality. 

• Variability is eliminated without narrowing the range of attainable optima. 

These results demonstrate that performance and reproducibility are not mutually exclusive when 
clustering is designed as a computation rather than a gamble on initialization.  

3.3 Beyond Convex Structures: Synthetic Validation 
To assess performance beyond standard convex assumptions, MRC has been tested on 
controlled synthetic datasets with known structure. 

On convex Gaussian mixture datasets, MRC correctly identifies a value of K₍best₎ aligned with the 
underlying generative process, while maintaining partition quality comparable to stochastic 
baselines. On non-convex datasets—such as two-moon structures—MRC preserves the global 
geometry of the data while distinguishing between cluster count and structural connectivity. 

These experiments highlight an important distinction: performance is not only about minimizing 
a cost function, but about capturing meaningful structure without introducing artificial 
segmentation. Deterministic computation allows MRC to surface this distinction explicitly. 

3.4 Redefining Performance for Decision-Grade Clustering 
When clustering outcomes are used to support real decisions, performance cannot be evaluated 
solely at the level of numerical optimization. A clustering system is performant if it produces 
results that are: 

• stable over time, 

• reproducible across environments, 

• defendable when questioned, 

• and robust to reasonable variations in configuration. 

From this perspective, a result that is marginally better in a single stochastic run but cannot be 
reliably reproduced is less valuable than a deterministic result with equivalent quality and full 
traceability. 

MRC embodies this redefinition. Its performance is measured not only by the quality of the 
partition, but by the quality of the decision it enables. 

3.5 The Real Trade-off: Compute Time for Certainty 
The primary cost of this approach is increased computation time. Deterministic, multi-K 
analysis necessarily requires more processing than a single stochastic run. This cost is the direct 
consequence of eliminating randomness, exploring alternatives explicitly, and producing 
decision-grade artifacts. 
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This trade-off is deliberate. MRC exchanges raw execution speed for: 

• certainty about the selected partition, 

• explicit justification of K₍best₎, 

• and reproducibility suitable for production and audit contexts. 

In environments where clustering results persist and influence downstream systems, this 
exchange is rational. Compute time is finite and predictable; uncertainty and instability are not.  

3.6 Performance as a Foundation, Not a Concession 
The results presented in this chapter establish a clear conclusion: deterministic clustering does 
not require performance sacrifices. By reframing clustering as a structured computation rather 
than an opportunistic optimization, MRC achieves high-quality partitions while providing 
guarantees that stochastic methods cannot offer. 

Performance, in this context, is not diminished—it is extended to encompass robustness, 
reproducibility, and decision validity. 

The next chapter builds on this foundation, showing how these same properties naturally align 
deterministic clustering with core Responsible AI principles, without introducing separate 
compliance layers or conceptual overhead. 

Chapter 4 — Industrial-Grade, Not Research-Only 
Solving the technical challenges of clustering is only part of the journey. For clustering to be 
usable in real-world systems, it must operate reliably beyond notebooks, prototypes, and 
controlled experiments. Decision-grade clustering must be deployable, governable, and 
auditable in industrial environments where results persist, scale matters, and accountability is 
required. 

MRC was not designed as a research artifact to showcase algorithmic novelty. It was engineered 
as an industrial component, intended to be embedded into production data pipelines and 
organizational decision processes. 

4.1 Clustering as a Governed Process, Not an Ad-Hoc Experiment 
In many organizations, clustering is performed as a sequence of ad-hoc experiments. Analysts 
run algorithms locally, adjust parameters interactively, and commit results informally into 
downstream systems. Once the result is used, the context of its computation is often lost. 

MRC replaces this paradigm with a governed execution model. Each clustering computation is 
treated as a run, defined by: 

• a fixed input dataset or data reference, 

• an explicit configuration space, 

• a deterministic computation path, 

• and a unique run identifier. 
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A run is not merely an execution; it is an event with traceability. This framing establishes 
clustering as a reproducible process rather than a transient analytical action.  

4.2 Artifacts as First-Class Outputs 
Industrial systems require more than a partition vector. They require artifacts that can be 
consumed, reviewed, archived, and reused. MRC therefore produces structured outputs that are 
considered first-class citizens of the system. 

Each run generates a coherent set of artifacts, including: 

• structured machine-readable results (e.g. assignments and metrics), 

• decision-oriented indicators and alerts, 

• and execution metadata describing conditions and parameters. 

These artifacts are designed to be stable, explicit, and independent of any visualization layer. 
Reports and dashboards may be regenerated at any time, but the underlying structured data 
remains the authoritative source of truth. 

This separation ensures that interpretation and presentation never alter the computational 
outcome. 

4.3 Separation of Computation and Interpretation 
A recurring source of risk in industrial analytics is the blending of computation and interpretation. 
When results are overwritten, reformatted, or filtered during visualization, reproducibility is 
compromised. 

MRC enforces a strict separation between computation and interpretation: 

• the computation layer produces deterministic, immutable outputs,  

• the interpretation layer consumes these outputs without modifying them. 

This architectural discipline allows multiple stakeholders — data scientists, engineers, auditors, 
or decision-makers — to work with the same underlying results, each through their own lenses, 
without introducing inconsistencies. 

4.4 Designed for Scale and Predictability 
Industrial deployment requires predictable behavior under scale. While MRC deliberately accepts 
longer computation times to ensure certainty, this cost is controlled and explicit.  

Compute complexity is: 

• bounded by the defined multi-K exploration range, 

• independent of random restarts, 

• and therefore predictable ahead of execution. 

This predictability allows engineers to plan capacity, parallelize workloads, and integrate 
clustering runs into broader scheduling or orchestration frameworks. MRC was designed with the 
assumption that compute cost is manageable when it is explicit, while uncertainty is not. 
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4.5 Auditability and Ex-Post Analysis 
Industrial systems must support post-hoc analysis. When results are questioned — weeks, 
months, or years later — organizations must be able to reconstruct what happened and why. 

Because MRC runs are deterministic and artifact-based, ex-post analysis becomes possible by 
design. It is always feasible to determine: 

• which data were used, 

• which configurations were applied, 

• which alternatives were evaluated, 

• and what signals justified the selected K₍best₎. 

This capability is not limited to regulatory contexts. It also supports internal reviews, quality 
assurance, knowledge transfer, and organizational learning. 

4.6 From Algorithm to Infrastructure Component 
The defining difference between research-grade and industrial-grade systems is not algorithmic 
sophistication, but operational reliability. MRC embodies this distinction by elevating clustering 
from an algorithm to an infrastructure component. 

It is designed to be: 

• deterministic and repeatable, 

• explicit in its decision logic, 

• predictable in its computational behavior, 

• and integrable into governed production workflows. 

Clustering, in this architecture, becomes something that organizations can rely on — not because 
it is fast or convenient, but because it is engineered for real use under real constraints. 

4.7 A Foundation for Regulation-Ready Systems 
By enforcing determinism, structured artifacts, traceability, and separation of concerns, MRC 
satisfies key requirements of industrial governance long before regulatory considerations enter 
the picture. 

These same properties later enable formal compliance assessments without retrofitting or 
redesign. Regulation does not require MRC to change its nature; it merely recognizes capabilities 
that were already present because the system was built for industrial reality rather than research 
convenience. 
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Chapter 5 — From Better Clustering to Responsible AI 
The previous chapters established that deterministic clustering can compute K₍best₎, achieve 
high partition quality, and preserve performance without relying on stochastic shortcuts. This 
technical result has broader consequences. By making clustering outcomes reproducible, 
explicit, and decision-grade, deterministic MRC naturally converges toward the core principles 
commonly grouped under the term Responsible AI. 

Crucially, this alignment is not the result of an additional ethical or regulatory layer. It emerges 
directly from the way clustering is designed and computed. Responsible AI is therefore not 
imposed on MRC — it is a natural consequence of better clustering.  

5.1 Why Clustering Is a Responsible AI Concern 
Responsible AI frameworks are often discussed in relation to highly visible models such as 
classifiers, recommenders, or generative systems. However, clustering plays a quieter but equally 
influential role. By structuring data into groups, clustering defines how populations are 
segmented, how patterns are interpreted, and how downstream models are trained.  

When clustering is unstable, opaque, or irreproducible, it introduces hidden risks: 

• decisions may depend on results that cannot be recreated, 

• interpretations may shift between runs without explanation, 

• and downstream models may inherit undocumented biases or artifacts.  

In this context, clustering is not a neutral preprocessing step. It is a decision-shaping component 
whose properties directly affect transparency, robustness, and accountability. Treating clustering 
as a disposable exploratory tool is therefore incompatible with Responsible AI objectives.  

5.2 Determinism as a Foundation for Responsibility 
A central pillar of Responsible AI is reproducibility. Decisions influenced by an algorithm must 
be explainable not only in principle, but also in practice. Deterministic MRC addresses this 
requirement at its root. 

Because MRC eliminates stochastic variability, the same data and parameters always produce 
the same clustering outcome. This property enables: 

• reconstruction of past decisions, 

• consistent comparison over time, 

• and meaningful documentation of algorithmic behavior. 

Without determinism, reproducibility remains aspirational. With determinism by design, it 
becomes a structural guarantee. This guarantee is foundational for accountability and for any 
form of ex post analysis — two essential dimensions of Responsible AI.  

5.3 From Implicit Choices to Explicit Decisions 
Responsible AI requires that influential choices be surfaced and documented. Traditional 
clustering methods hide some of their most impactful decisions — particularly the choice of K — 
behind heuristics or expert intuition. As a result, these choices are rarely recorded or justified. 
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MRC transforms this situation by computing K₍best₎ explicitly. The selection of K is no longer an 
unspoken assumption but a documented decision, supported by metrics, stability signals, and 
structural indicators. Alternative values are visible, comparable, and preserved in the artifacts 
produced by each run. 

This explicitness enables a form of algorithmic transparency that goes beyond model 
interpretability. It ensures that the decision itself can be examined, questioned, and revisited — 
a core requirement of Responsible AI.  

5.4 Supporting Human Oversight in Practice 
Responsible AI emphasizes the importance of human oversight, but this concept is often 
interpreted superficially. Oversight does not mean merely approving opaque results; it requires 
access to intelligible information that allows informed judgment. 

MRC is designed to support this form of oversight. Its outputs include: 

• interpretable decision-oriented metrics, 

• explicit alerts when segmentation becomes unstable or artificial, 

• and structured artifacts that separate computation from interpretation. 

These elements collectively create a space for informed disagreement. Users are not forced to 
accept a single opaque answer; they can understand why K₍best₎ is recommended, explore 
alternatives, or document a deliberate deviation. This capability turns human oversight into an 
operational reality rather than a procedural checkbox.  

5.5 Robustness Through Design, Not Afterthoughts 
Another core Responsible AI principle is robustness: systems should behave consistently under 
reasonable conditions and not fail unpredictably. In the context of clustering, robustness is 
closely tied to stability. 

By analyzing partitions across a bounded range of K values and surfacing instability zones, MRC 
makes robustness observable. Weak or artificial segmentations are not silently accepted; they 
are identified and signaled. This design reduces the risk of fragile decisions that appear valid 
under narrow conditions but collapse under scrutiny. 

Robustness here is not enforced externally through testing or governance processes. It is 
measured and documented during computation, reinforcing Responsible AI properties at the 
algorithmic level.  

5.6 Responsible AI as an Outcome, Not a Constraint 
The picture that emerges is clear: deterministic, decision-grade clustering naturally satisfies key 
Responsible AI principles because it was built to support real decisions, not exploratory 
convenience. 

• Reproducibility follows from determinism. 

• Transparency follows from explicit decision computation. 

• Human oversight follows from interpretable artifacts and signals. 
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• Robustness follows from systematic analysis rather than chance. 

Responsible AI, in this framework, is not a constraint imposed on innovation. It is the outcome of 
rigorous algorithmic design. 

The next chapter shows how these same properties — originally introduced to solve a technical 
problem — also align MRC with specific regulatory requirements. In particular, it illustrates how 
AI Act compliance in Europe emerges as a derived capability rather than a primary design driver.  

Chapter 6 — AI Act Compliance (EU-Specific) 
The European AI Act introduces binding obligations for artificial intelligence systems used in 
regulated or decision-critical contexts. Unlike generic ethical frameworks, it translates high-level 
principles into operational requirements: traceability, technical documentation, reproducibility, 
risk management, and effective human oversight. 

This chapter explains how AI Act compliance emerges naturally from the design choices 
already presented, rather than requiring a separate compliance-driven redesign. Importantly, 
MRC was not conceived to satisfy the AI Act; it was conceived to compute clustering decisions 
rigorously. The AI Act simply formalizes why this design is appropriate in regulated environments.  

6.1 Scope and Positioning under the AI Act 
The AI Act adopts a risk-based approach. Clustering algorithms, taken in isolation, are not 
necessarily classified as high-risk systems. However, when clustering contributes to systems that 
influence individuals, access to resources, scientific conclusions, or organizational decisions, it 
becomes a risk-bearing algorithmic component. 

The AI Act explicitly extends its scope beyond final decision engines to include components that 
materially influence decision-making pipelines. In this context, clustering must be evaluated 
not as a neutral preprocessing step, but as a functional element whose properties affect 
transparency, robustness, and accountability.  

MRC is designed precisely for this intermediate role: it treats clustering as a decision-structuring 
component and produces artifacts that support regulatory scrutiny at the component level. 

6.2 Traceability and Documentation by Design 
One of the core obligations of the AI Act is the ability to reconstruct system behavior ex post. 
This requires more than descriptive documentation; it requires technical evidence. 

MRC addresses this requirement through its execution model. Each clustering computation is a 
deterministic run, identified and parameterized explicitly. For every run, the system produces 
structured artifacts that include: 

• configuration parameters and analyzed K range, 

• computed partitions and decision-oriented metrics, 

• stability and structural signals, 

• and metadata enabling contextual reconstruction. 
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These artifacts form a technical documentation trail generated by the system itself, not 
reconstructed manually after deployment. As a result, documentation remains synchronized with 
actual behavior — a key expectation of AI Act technical documentation requirements.  

6.3 Reproducibility and Robustness (Articles 12 & 15) 
The AI Act places strong emphasis on robustness and reproducibility. Systems must behave 
reliably and allow their behavior to be examined and reproduced where necessary. 

Deterministic MRC directly satisfies this requirement. Because outcomes do not depend on 
stochastic initialization, the same data and configuration always produce the same result. This 
property enables: 

• exact reproduction of past clustering decisions, 

• consistent evaluation across model versions or audits, 

• and meaningful incident investigation if outcomes are questioned. 

Robustness is further reinforced by multi-K exploration. Instability zones and over-segmentation 
effects are not hidden but surfaced explicitly, reducing the risk of brittle or misleading results 
being silently deployed.  

6.4 Human Oversight as an Operational Capability (Article 14) 
The AI Act requires not only that human oversight be possible, but that it be effective. In practice, 
this means that human actors must be able to understand, question, and, if necessary, override 
system outputs. 

MRC supports this requirement by design. Its outputs include interpretable metrics, explicit 
K₍best₎ recommendations, and clearly identified alerts when results become unstable or 
artificial. These elements provide decision-makers with the information needed to: 

• understand why a recommendation was made, 

• evaluate alternatives, 

• and document informed deviations when appropriate. 

Human oversight is therefore not a procedural safeguard sitting outside the system; it is 
embedded in the artifacts produced by each run.  

6.5 Risk Management at the Algorithmic Level (Article 9) 
The AI Act requires risk management processes throughout the lifecycle of high-risk systems. In 
clustering, many risks arise from implicit technical choices: arbitrary values of K, unnoticed 
fragmentation, or unstable structure across configurations. 

MRC mitigates these risks algorithmically. By computing and documenting how clustering 
behavior evolves across K, it makes segmentation risks explicit. Artificial splits, marginal gains, or 
structurally weak partitions are signaled rather than silently accepted. 

This approach shifts risk management from an organizational checklist to an algorithmic 
capability: risks are identified at computation time, not discovered during audits.  
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6.6 AI Act Compliance as a Derived Property 
Taken together, these properties demonstrate a critical point: AI Act compliance is not a 
constraint that shaped MRC; it is a property that emerges from its design. 

• Determinism enables reproducibility. 

• Structured artifacts enable documentation and traceability. 

• Decision-oriented metrics enable effective human oversight. 

• Multi-K analysis enables risk identification. 

Because these capabilities were introduced to solve a technical problem — turning clustering into 
a defensible decision process — regulatory compliance follows naturally. 
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Chapter 7 — Conclusion and Next Steps 
This White Paper set out to address a long-standing and often underestimated problem: 
clustering is widely used to inform decisions, yet it is rarely designed as a decision-grade 
system. Through deterministic MRC clustering, this document has shown that it is possible to 
transform clustering from an exploratory, fragile technique into a computable, reproducible, and 
defensible decision process — without sacrificing performance. 

7.1 What Has Been Demonstrated 
Across the preceding chapters, several key points have been established:  

• The hard problem of clustering lies in decision-making, not in computing partitions. 
Choosing K is one of the most impactful and least justified decisions in unsupervised 
learning. 

• Deterministic MRC reframes clustering as a computation, not a guess. By 
systematically exploring a bounded range of K values and computing an explicit K₍best₎ 
recommendation, it makes clustering choices measurable, documented, and 
reproducible. 

• Performance is preserved. Empirical evidence shows that determinism does not imply 
weaker clustering quality. On the contrary, it removes variability while maintaining results 
comparable to the strongest stochastic baselines. 

• Responsible AI emerges as a natural consequence. Reproducibility, transparency, 
robustness, and human oversight are not imposed as external constraints; they result 
directly from rigorous algorithmic design. 

• Industrial deployment is addressed by design. Runs, artifacts, traceability, and 
separation of computation from interpretation make MRC suitable for real-world 
production environments. 

• AI Act compliance is a derived property, not a design driver. The same capabilities that 
make MRC valuable for innovation-driven use cases also satisfy the core requirements of 
the European regulatory framework.  

Together, these results demonstrate that better clustering leads to Responsible AI, and 
Responsible AI leads naturally to regulation-ready systems. 

7.2 Reframing the Role of Clustering 
A central message of this work is a change in perspective. Clustering should no longer be treated 
as: 

• a disposable exploratory step, 

• a heuristic-driven approximation, 

• or a technical detail hidden upstream. 

Instead, when clustering influences decisions, it must be approached as: 

• a decision-structuring component, 



Mathias Plus – White Paper – Ref: WP-MRC-20260505 

19 
© Mathias Plus SAS 2026. MathIAs+® is a registered trademark. 

• whose outputs are persistent and consequential, 

• and whose internal choices must be justifiable over time. 

Deterministic MRC provides a concrete example of how this reframing can be achieved in 
practice. It shows that engineering rigor and governance are not in opposition to innovation — they 
are its enablers. 

7.3 Implications for Organizations 
For organizations adopting clustering in production systems, the implications are straightforward:  

• Uncertainty and variability are risks, not features. 

• Compute time is a controllable cost; unpredictability is not. 

• Documentation and traceability are not overhead, but prerequisites for sustainable 
decision-making. 

By making clustering decisions explicit, reproducible, and reviewable, organizations gain not only 
compliance benefits but also operational clarity and technical confidence. 

7.4 Next Steps: From White Paper to Practice 
This White Paper is not an endpoint. It is a foundation for action. Several practical next steps 
naturally follow: 

1. Early Access and MVP deployments  
Organizations can integrate deterministic MRC clustering into existing pipelines to 
validate its behavior on real data and decision workflows. 

2. Extension to broader AI systems 
The principles demonstrated here — determinism, explicit decision computation, 
artifact-based traceability — are applicable beyond clustering, and can inform the 
governance of other algorithmic components. 

3. Operationalization of Responsible AI 
By embedding decision-grade algorithms upstream, organizations can move from 
declarative Responsible AI policies to concrete, verifiable implementations. 

4. Regulation-ready scaling 
For EU contexts, MRC provides a practical entry point into AI Act alignment, focusing 
effort where it matters most: on components that structure decisions and propagate 
risk. 

7.5 A Final Perspective 
If regulation did not exist, deterministic MRC clustering would still make sense. It addresses a 
fundamental technical and operational weakness in how clustering is used today. Regulation 
simply confirms what sound engineering already implies: decisions deserve algorithms that 
can explain themselves. 

The progression outlined in this White Paper — from computing K₍best₎, to Responsible AI, to AI 
Act compliance — is not a marketing narrative. It is a logical sequence. Better clustering leads to 
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better decisions. Better decisions demand accountability. And accountability, once achieved, 
meets regulatory expectations without compromise. 

This is not clustering as it has been practiced. This is clustering designed for decisions. 
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