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What happens when an Al system refuses to explain its decisions—and your career
depends on the answer?

The Black Box Problem Nobody Wants to Talk About

We've spent the better part of a decade celebrating artificial intelligence as the great
equalizer, the productivity miracle, the answer to every business question. But here’s what
the keynote speakers and the glossy vendor presentations conveniently omit: the most
powerful Al systems on the planet cannot explain themselves.

Not “won’t explain.” Cannot explain.

This isn’t a minor technical inconvenience. This is a fundamental architectural reality that's
now colliding with regulatory frameworks, ethical imperatives, and the basic human need to
understand why a machine just denied your mortgage, flagged your medical scan, or
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recommended your termination.

The same opacity that makes neural networks powerful makes them
fundamentally unaccountable.

And we're only now beginning to reckon with what that means.

How We Got Here: A Brief History of Trusting What We
Don’t Understand

The trajectory of Al adoption follows a pattern that should make any technologist
uncomfortable. First, we deploy systems because they work. Then we optimize for
performance metrics. Only later—usually after something goes catastrophically wrong—do
we ask whether we should have understood the mechanism before trusting the outcome.

Deep learning models, the engines behind everything from facial recognition to medical
diagnostics, operate through millions or billions of parameters adjusted through training.
The resulting "knowledge” isn't stored in human-readable rules or decision trees. It's
distributed across weight matrices in ways that resist straightforward interpretation.

The Performance-Interpretability Trade-off

For years, the machine learning community operated under an implicit assumption:
interpretable models are less accurate, and accurate models are less interpretable. You
could have a simple logistic regression that explained every decision, or you could have a
deep neural network that outperformed human experts but offered no rationale.

This trade-off shaped research priorities, funding decisions, and deployment strategies.
Companies chose accuracy. They chose performance benchmarks. They chose the models
that looked best on paper, even when “looking best” meant operating in complete
darkness.

The consequences of this choice are now arriving.
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When Opacity Becomes Liability

Consider the healthcare sector. Al systems are now diagnosing cancers, predicting patient
deterioration, and recommending treatment protocols. Some of these systems
demonstrate remarkable accuracy in controlled studies. But what happens when a patient
asks why the Al recommended one treatment over another?

“The model processed your data through 47 layers of neural network architecture and
determined this outcome based on patterns learned from 2.3 million historical cases.”

That's not an explanation. That's a description of a process. And the distinction matters
enormously when the outcome affects someone’s life.

The Regulatory Reckoning

The European Union's Al Act, which entered into force in 2024, establishes explicit
requirements for transparency in high-risk Al applications. Healthcare, employment, credit
scoring, law enforcement—all now subject to demands that Al systems provide meaningful
explanations for their decisions.

But here’s the problem: the law requires something that current technology often cannot
deliver.

Regulations are demanding explainability from systems that were never
designed to be explainable.

This isn't a matter of companies hiding their algorithms. Many organizations genuinely
cannot explain their Al's decisions because the models themselves don’'t encode
explanations. The “reasoning” exists only as emergent behavior from statistical
patterns—patterns that resist translation into human-comprehensible terms.
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The Explainability Industrial Complex

Into this gap has rushed an entire industry of explainability tools, frameworks, and
consultancies. LIME, SHAP, attention visualization, saliency maps—an alphabet soup of
techniques promising to crack open the black box and reveal the logic within.

These tools have genuine value. They've advanced our understanding of how models
weight different features. They've helped identify biases and failure modes. They've given
practitioners at least some insight into what their systems are doing.

But we need to be honest about their limitations.
Post-Hoc Explanations Are Not Reasons

Most explainability techniques generate explanations after the model has made its
decision. They approximate what might be happening inside the network. They don’t reveal
the actual computational process.

SHAP values, for instance, tell you how much each input feature contributed to moving the
prediction away from some baseline. This is useful information. But it's not the same as
understanding why the model learned to weight those features in those ways. It's not the
same as understanding whether those weights reflect genuine causal relationships or
spurious correlations in the training data.

The Interpretation Problem

Worse, these explanations require interpretation. And interpretation introduces its own
biases and errors.

A saliency map might highlight that an Al identified a tumor by focusing on a specific region
of an X-ray. A human radiologist looks at this and nods—that’s where the tumor is.
Explanation confirmed.

But what if the model actually learned to associate that region with cancer because the
training data had a systematic artifact? What if certain machines produced images with
specific characteristics that happened to correlate with diagnosis patterns? The saliency
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map would look the same. The explanation would seem plausible. But the model’s actual
“reasoning” would be completely different from what the humans believed.

Plausible explanations are not the same as accurate explanations.

The Trust Deficit

This matters because trust is the foundation of Al adoption. And trust, in institutional
contexts, requires accountability.

Consider a credit scoring Al that denies someone a loan. The applicant has a legal right, in
many jurisdictions, to understand why. The bank deploys an explainability tool that
identifies the most influential factors: income level, debt-to-income ratio, payment history.

On the surface, this seems reasonable. The explanation aligns with traditional underwriting
criteria. The applicant receives what appears to be a meaningful rationale.

But did the model actually use those factors in the way a human would? Or did it learn
complex, non-linear interactions between dozens of variables that happen to correlate with
those traditional factors without actually being caused by them?

The explainability tool cannot answer this question definitively. And yet the explanation is
treated as if it does.

The lllusion of Understanding

This is perhaps the most dangerous aspect of current explainability approaches: they can
create false confidence.

When a tool provides an explanation, humans naturally assume they now understand the
model. They stop questioning. They stop probing for edge cases. They trust.

But the explanation was always an approximation, a simplified model of a model, a
translation that inevitably loses fidelity. And the gap between the explanation and the
actual behavior can harbor biases, errors, and failure modes that the simplified view
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obscures.

Organizations are making high-stakes decisions based on explanations that might be
fundamentally misleading. And they're doing so with confidence that the technology has
provided them with genuine insight.

The Measurement Problem

How would we even know if an explanation is accurate?

This question sounds philosophical, but it's deeply practical. If we cannot verify that
explanations correctly describe model behavior, we cannot rely on them for accountability,
debugging, or trust-building.

Ground Truth in Explanation

The challenge is that we have no ground truth for what an Al system “actually” thinks. We
can observe inputs and outputs. We can inspect weights and activations. But the mapping
from these technical artifacts to human-comprehensible concepts is always interpretive.

When we say a model “focuses on” a particular image region, we're anthropomorphizing.
The model processes numerical values through mathematical operations. It doesn’t focus
on anything. Our language imputes intentionality where none exists.

This isn't merely semantic. It shapes how we evaluate and respond to Al behavior. If we
believe a model “recognizes” faces, we might assume it processes information similarly to
humans. But the model might be exploiting entirely different visual features—lighting
patterns, image compression artifacts, backgrounds that correlate with demographic
categories.

Testing Explanation Quality

Some researchers have attempted to evaluate explanation quality by testing whether
humans can use explanations to predict model behavior on new inputs. The results are
sobering.
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In many cases, explanations that seem intuitive and plausible do not actually help humans
predict how the model will behave. The explanations describe something, but that
something doesn’t reliably connect to model performance.

This suggests that current explanations, however useful they might be for other purposes,
are not serving the function we most need: genuine understanding that enables prediction
and control.

Beyond Explanation: The Case for Inherent
Interpretability

Given these limitations, a growing faction within the Al research community advocates for a
different approach: building models that are interpretable by design, rather than
attempting to explain opaque models after the fact.

Interpretable Architectures

Decision trees, rule lists, generalized additive models, and other inherently interpretable
architectures make their reasoning transparent by construction. When a decision tree
classifies an input, you can trace exactly which conditions were evaluated and how they
led to the outcome.

The trade-off has traditionally been performance. These simpler models often cannot
match the accuracy of deep networks on complex tasks involving unstructured data like
images, audio, or natural language.

But this trade-off is increasingly contested. Research has shown that on many tabular data
tasks—precisely the kind of structured decision-making commmon in healthcare, finance,
and criminal justice—interpretable models can match or closely approach the performance
of black-box alternatives.

Maybe we've been sacrificing interpretability for accuracy gains that don’t
actually exist.
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The Task-Dependence of Trade-offs

The performance-interpretability trade-off is not uniform across all problems. For
perception tasks involving high-dimensional sensory data, deep learning’s advantages
remain substantial. For structured decision tasks on tabular data, the gap is often
negligible.

This suggests a more nuanced deployment strategy: use interpretable models where they
perform adequately, reserve black boxes for tasks where the performance gain is genuine
and substantial, and accept that some domains may simply not be suitable for automated
decision-making until interpretable approaches improve.

The Organizational Challenge

Technical solutions alone cannot address the explainability crisis. The problem is as much
organizational as technological.

Incentive Misalignhment

Most organizations are incentivized to optimize for performance metrics, deployment
speed, and competitive advantage. Explainability is a cost center. It slows development,
requires specialized expertise, and rarely appears on executive dashboards.

The teams building Al systems are measured on accuracy, latency, and throughput. They
are not measured on whether a loan applicant, patient, or job candidate can understand
why the Al made its decision.

Until incentive structures change, explainability will remain an afterthought, a compliance
checkbox rather than a design principle.

The Skills Gap

Even organizations that prioritize explainability often lack the expertise to implement it
effectively. Data scientists are trained in model building, not explanation generation. User
experience designers rarely participate in Al development processes. The people who
understand the technology are not the people who understand how humans process
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explanations.

This skills gap produces explainability features that satisfy regulatory requirements on
paper while failing to provide genuine understanding in practice. The explanations are
technically correct but practically useless.

Organizational Opacity

Beyond individual model opacity, many organizations struggle with systemic opacity. They
don’t know which Al systems are deployed, what decisions they influence, or how they
interact with human processes.

A large enterprise might have dozens of machine learning models in production, each
maintained by different teams, each with different documentation standards, each with
different approaches (or no approach) to explainability.

When something goes wrong, untangling which system made which decision based on
which inputs from which data sources becomes an archaeological expedition. Explainability
at the model level is necessary but insufficient; explainability at the system and
organizational level is equally critical.

The User Perspective

Discussions of Al explainability typically focus on technical methods or regulatory
compliance. But explainability ultimately exists for humans—the users, subjects, and
stakeholders affected by Al decisions.

What Do Users Actually Want?

Research on explanation preferences reveals significant variation across populations and
contexts. Some users want detailed technical information. Others want simple rules of
thumb. Some want to understand the model’s reasoning process. Others just want
actionable guidance on how to achieve a different outcome.

A credit applicant denied a loan might not care how the neural network weighted different
features. They want to know: what specific actions would improve their chances next time?
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A patient receiving a cancer diagnosis from an Al system might not want to see attention
maps or feature attributions. They want to know: how confident is this system? How does it
compare to human specialists? What are the error rates for cases like mine?

Explanation as Dialogue

Effective explanation may require moving from static outputs to interactive dialogue.
Rather than providing a single explanation, systems might engage users in iterative
question-and-answer processes, allowing them to explore the aspects of the decision
most relevant to their concerns.

This conversational approach aligns with how humans naturally explain complex decisions
to each other. We don’t dump comprehensive rationales on listeners. We respond to
questions, elaborate on confusing points, and adjust our explanations based on feedback.

Current Al systems rarely support this kind of interactive explanation. They provide one-
shot outputs, take-it-or-leave-it rationales that may or may not address what the user
actually wants to understand.

The Research Frontier

Despite these challenges, the field of explainable Al is advancing rapidly. Several promising
directions offer hope for genuine progress.

Concept-Based Explanations

Rather than explaining predictions in terms of low-level input features (pixels, words,
numerical values), concept-based methods attempt to explain in terms of higher-level
concepts that humans actually reason about.

For image classification, this might mean explaining that a model identified an animal as a

dog because it detected “floppy ears,” “fur texture,” and “snout shape”—concepts that
align with human visual reasoning—rather than highlighting specific pixel regions.

The challenge is mapping between the model’s internal representations and human
concepts. Recent work using multimodal models trained on images and language shows
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promise for learning these mappings automatically, but the approach remains fragile and
domain-dependent.

Mechanistic Interpretability

A more ambitious research program attempts to reverse-engineer the actual algorithms
that neural networks learn to implement. Rather than approximating model behavior,
mechanistic interpretability aims to understand the precise computational mechanisms.

This work has produced fascinating insights: identifying “circuits” within networks that
implement specific functions, finding neurons that encode specific concepts, tracing
information flow through layers. But scaling these techniques to production models with
billions of parameters remains an open challenge.

Causal Approaches

Causal reasoning offers another path forward. Rather than merely describing correlations
between inputs and outputs, causal methods attempt to identify genuine cause-effect
relationships.

If we can identify that a model’'s prediction genuinely depends on a specific factor in a
causal sense—not merely correlated with it—we have a much stronger basis for
explanation. We can say not just that this feature was associated with the prediction, but
that changing this feature would change the prediction in predictable ways.

Causal explainability is technically demanding, requiring assumptions about the data-
generating process that may be difficult to verify. But where applicable, it provides the
most robust form of explanation.

The Governance Dimension

Explainability cannot be separated from broader questions of Al governance. Who decides
what explanations are required? Who evaluates whether explanations are adequate? What
recourse exists when explanations are misleading or unavailable?
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Regulatory Approaches

Different jurisdictions are taking different approaches. The EU’s Al Act emphasizes
transparency and documentation requirements for high-risk systems. The US approach
remains fragmented, with sector-specific regulations and voluntary frameworks. China has
issued guidance on algorithmic recommendation systems with disclosure requirements.

These regulatory approaches share a common assumption: that meaningful explanation is
possible and that organizations can be held accountable for providing it. The technical
limitations discussed above suggest this assumption may be optimistic.

We're regulating capabilities that technology may not yet be able to deliver.

Standards and Certification

Industry standards for Al explainability remain underdeveloped. Unlike cybersecurity or
safety engineering, where mature frameworks define requirements and evaluation methods,
Al explainability lacks consensus on what constitutes adequate explanation.

This gap creates uncertainty for practitioners. What level of explainability is “enough”? How
should organizations allocate limited resources between explainability and other priorities?
Without clear standards, these decisions become ad hoc and inconsistent.

The Accountability Gap

Perhaps most concerning is the accountability gap that opacity creates. When no one can
explain why an Al made a decision, no one can be held responsible for it.

The organization claims the Al is a tool, and tools don't have intent. The developers claim
they trained the model on provided data and cannot control what it learned. The data
providers claim they merely collected information and didn’t direct how it would be used.

Responsibility diffuses across the sociotechnical system until it disappears entirely. The
person harmed by the Al decision finds no one willing or able to answer for the outcome.
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This accountability vacuum is not merely an ethical failure; it's a systemic risk. Without
accountability, organizations lack incentive to improve. Without improvement, harmful
decisions continue. Without consequences, the cycle perpetuates.

Practical Recommendations

Given these challenges, what should organizations actually do? Here's a framework for
approaching explainability practically.

1. Assess Actual Explainability Needs

Not all Al applications require the same level of explainability. A recommendation system
suggesting products requires less explanation than a diagnostic system detecting
diseases.

Map your Al applications by risk level and stakeholder needs. Understand who needs
explanations, what they need to understand, and what decisions they’ll make based on
those explanations.

2. Prefer Interpretable Models Where Possible

Don't default to deep learning when simpler approaches suffice. For structured data
problems, rigorously evaluate interpretable alternatives before accepting the opacity of
neural networks.

The performance difference may be smaller than you assume, and the governance benefits
may be larger than you've considered.

3. Validate Explanation Quality

If using post-hoc explanation methods, test whether explanations actually predict model
behavior. Can users who receive explanations anticipate how the model will respond to
new inputs?

If not, the explanations may be providing false confidence rather than genuine
understanding.
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4. Design for Explanation from the Start

Retrofitting explainability onto existing systems is harder than designing for it initially.
Include explainability requirements in project specifications. Involve explanation in model
selection decisions. Allocate resources for explanation development alongside model
development.

5. Match Explanations to Audiences

Different stakeholders need different explanations. Technical teams need debugging
insight. Regulators need compliance evidence. End users need actionable understanding.

One-size-fits-all explanation rarely satisfies anyone. Develop differentiated explanation
strategies for different audiences.

6. Document Limitations

Be explicit about what explanations can and cannot tell you. Acknowledge uncertainty.
Describe the methods used and their known limitations.

This transparency may feel uncomfortable, but it's more honest than presenting
approximations as ground truth.

The Horizon
Looking forward, several trends will shape the explainability landscape.

Foundation Models and Emergent Behavior

Large language models and other foundation models exhibit emergent
capabilities—behaviors that appear at scale without being explicitly trained. These
emergent properties are even harder to explain than behaviors in traditional supervised
learning.

When a model suddenly develops the ability to perform a task it was never trained for,
understanding why becomes extraordinarily difficult. The explanation research community

www.arturmarkus.com | 14



When Al Cannot Explain Itself: The Hidden Cost of Neural Network
Opacity

has barely begun to grapple with this challenge.
Autonomous Systems

As Al systems gain more autonomy—making decisions without human oversight, taking
actions in the physical world, adapting their behavior based on experience—explainability
becomes both more important and more difficult.

An Al that explains what it's doing after the fact provides less value than an Al that can
articulate its plans before acting. Prospective explanation, enabling human oversight of
intended behavior, represents a different technical challenge than retrospective
explanation of completed decisions.

Multimodal and Embodied Al

Al systems increasingly process multiple modalities—text, images, audio, sensor data—and
operate in physical environments. Explaining decisions that integrate information across
modalities and time presents challenges beyond current approaches, which largely assume
static, single-modality inputs.

The Fundamental Question

Underlying all these technical and organizational challenges is a fundamental question: what
are we actually trying to achieve with Al explanation?

If the goal is regulatory compliance, we might accept approximate explanations that satisfy
legal requirements without providing genuine understanding.

If the goal is debugging and improvement, we need explanations that accurately reveal
model behavior, even when that behavior is uncomfortable to confront.

If the goal is enabling human oversight, we need explanations that support prediction and
control, not just retrospective description.

If the goal is building trust, we need explanations that are honest about uncertainty and
limitations, not performances of confidence.
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These goals sometimes conflict. Explanations optimized for compliance might obscure
rather than reveal. Explanations optimized for accuracy might be too technical for end
users. Explanations optimized for trust might require acknowledging limitations that
undermine confidence.

Navigating these tensions requires clarity about what we actually want from Al systems
and what role explanation plays in achieving it.

The Path Forward

Al explainability is not a solved problem. Current tools provide value but have significant
limitations. Post-hoc methods approximate rather than reveal. Interpretable models face
performance barriers on some tasks. Regulatory requirements often exceed technical
capabilities.

Progress requires honest acknowledgment of these limitations. It requires research
investment in methods that provide genuine insight rather than plausible approximations. It
requires organizational commitment to treating explainability as a design principle rather
than an afterthought. It requires regulatory frameworks that account for what's actually
achievable with current technology.

Most importantly, it requires remembering why explainability matters. Not as a compliance
checkbox. Not as a competitive differentiator. But as a fundamental requirement for
accountability, trust, and human oversight of increasingly powerful systems.

We built these systems to serve human purposes. Understanding them is not
optional—it's essential.

The black box has served us well for certain purposes. But as Al becomes more
consequential, more integrated into high-stakes decisions, more powerful, the opacity that
once seemed acceptable becomes increasingly untenable.

The question is not whether we will open the box. The question is whether we'll do so
before or after the cost of opacity becomes unbearable.
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The organizations that invest in genuine explainability now—not just explanation

theater, but real understanding—will be better positioned when accountability is no
longer optional.
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Artur Markus

Software engineer in Basel building Al infrastructure and agentic systems, with a
background in pharmaceutical automation, GxP compliance, and validation. | help teams
turn Al from a chatbot into a reliable operational layer.
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