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EXECUTIVE
SUMMARY

Organisations have never had greater access to data,
analytical tools, and artificial intelligence capabilities.
Yet the distance between technical possibility and
sustained business value continues to grow.

As advanced analytics and generative models become
easier to deploy, experimentation has accelerated
across enterprises. New models, copilots, and
automated insights appear faster than organisations
can operationalize, govern, or evaluate them. The result
is a growing sense of fatigue: teams are overwhelmed by
the volume of initiatives, leaders struggle to distinguish
signal from noise, and trust in analytical systems erodes
over time.

This white paper argues that the root cause is not a lack
of intelligence, but a lack of operational discipline. Data
science efforts frequently succeed in isolation yet fail to
scale because they are treated as experiments rather
than as enterprise capabilities. To move from novelty to
value, organisations must shift their focus from building
models to operating intelligence.
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From acceleration to fatigue

The rapid democratization of Al has lowered the barriers to experimentation. What once
required specialized teams can now be initiated by small groups using off-the-shelf
platforms and pre-trained models. While this acceleration has unlocked creativity, it
has also created fragmentation.

Many organisations now contend with:

« A proliferation of models with unclear ownership

« Overlapping tools and platforms with inconsistent standards

» Rising operational and inference costs that are poorly understood
 Increasing pressure to explain, justify, and control automated decisions

In this environment, enthusiasm gives way to fatigue. Leaders are no longer asking
what Al can do, but which systems can be trusted, sustained, and defended over time.

Persistent failure patterns reveal structural
weaknesses in how data science is delivered.

L EYS Models are built faster than they can be operated
fundamenta lly The ease of creating models has outpaced the ability

to deploy, monitor, and maintain them. Without clear
bI‘O ken ownership and observability, performance degrades

silently and confidence declines.
Success is measured in the wrong places

Technical metrics often dominate evaluation, while
adoption, reliability, and decision impact receive less
attention. A highly accurate model that is ignored or
mistrusted has little practical value.

Operational responsibility is fragmented

Data quality, model behavior, and downstream
outcomes are frequently managed by different
teams. When issues arise, accountability becomes
diffuse and resolution slows.

These issues are not failures of talent or intent.
They reflect an operating model designed for
experimentation rather than sustained execution.
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A reframed thesis: Intelligence must be operable

To generate lasting value, data science must be treated as an operating capability, not a sequence
of projects. This requires designing systems that anticipate change, surface risk early, and
integrate seamlessly into decision-making workflows.

Operational intelligence is defined by:

« Clear ownership across the lifecycle

« Continuous monitoring of data, models, and outcomes

- Governance embedded into pipelines, not applied retroactively

« Alignment between analytical outputs and human decision-making

This shift mirrors transformations seen in other disciplines, where informal practices gave way to
structured operating models as systems became business-critical.

The IMPACT framework provides a structured
approach to operationalizing data science.

The IMPACT

Identify Adopt
framework Anchor initiatives to Embed intelligence into
specific, repeatable workflows with clear
decisions with defined guidance on trust,
owners and actions. override, and escalation.
Measure U= catalogue
Track business outcomes Treat models, features,
alongside technical and prompts as
performance to ensure governed assets with
relevance and lineage and
accountability. discoverability.
P Prototype Track
o |4 |ddl ok Design prototypes that Monitor data quality,
include data ingestion, model behavior, and
inference, and decision outcomes
consumption pathways, continuously,
not just models. responding to deviations
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Implications for Drug Discovery and
Precision Medicine

Operationalizing data science requires coordinated evolution across technology
and teams.

Effective architectures emphasize:

* Modular, decoupled data and model layers

» Reproducible pipelines with version control

- Observability across data, models, and decisions

+ Policy-driven governance spanning the full lifecycle

Organisationally, this demands clearer accountability and closer collaboration
between data science, engineering, and business stakeholders.

Organisations that consistently realise value
move beyond isolated pilots toward shared

MOVlng from F)Iatf?rms. These.platforms standa.rdlse how
g intelligence is built, deployed, monitored, and

pilots to retired.

plathI‘mS This approach reduces duplication, improves

reliability, and enables innovation to scale
without compounding risk.

Why this shift matters now

As intelligence becomes embedded in everyday
operations, the cost of failure increases. Unobserved
drift, unmanaged bias, or unreliable automation can
undermine trust, invite scrutiny, and erode
competitive advantage.

Operational discipline is no longer optional. It is the
foundation of responsible, scalable innovation.
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Conclusion

Most data science failures are not failures of insight, but failures of
execution. The organisations that succeed are those that move beyond
experimentation and commit to operating intelligence with rigor,
transparency, and accountability.

The future belongs to enterprises that design intelligence not as a
novelty, but as infrastructure for dependable decision-making.
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