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Healthcare enterprises have rapidly adopted AI for imaging, 
diagnostics, and clinical decision support, but many are 
discovering that cloud-centric strategies are no longer 
economically, operationally, or regulatorily sustainable  
at scale.

As inference volumes grow into the tens or hundreds of 
millions of tokens per month, organizations face escalating 
cloud costs, data sovereignty risks, and latency constraints 
that directly impact patient care and margin.

This paper outlines the infrastructure challenges driving 
this shift and describes a practical path to building 
high-performance, compliant, on-premises AI inference 
platforms — and why purpose-built, liquid-cooled systems 
like Iceotope’s KUL BOX are emerging as the infrastructure 
of choice for healthcare enterprises that have outgrown 
the cloud.

Executive 
summary
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Healthcare is now one of the most intensive adopters of applied AI. Use 
cases span radiology, pathology, genomics, hospital operations, and 
personalized patient engagement, including medical imaging triage, digital 
pathology for cancer diagnostics, genomic sequencing pipelines, LLM-based 
clinical documentation, and operational analytics covering bed management, 
scheduling, and staffing.

The adoption pattern is consistent: pilots begin in the cloud for speed and 
flexibility. But as workloads become mission-critical and volumes grow, the 
economics and risk profile fundamentally change. The question is no longer 
whether to use AI — it is where to run it.

The AI inflection point in healthcare

Five critical infrastructure challenges
#1: RUNAWAY INFERENCE COSTS

Once AI moves from experiment to production, inference dominates lifetime 
cost, accounting for roughly 75–90% of total compute spend. Healthcare 
organizations running multiple AI workloads across imaging, documentation, 
and decision support can see cloud inference bills grow 100–200% year to 
year when priced per token or per image.

For large enterprises, this creates recurring OPEX in the tens of millions 
over multi-year periods, vulnerability to unilateral cloud price changes, and a 
budgeting problem: every new AI use case adds another consumption-driven 
line item with no natural cost ceiling.

CFOs and IT finance leaders are increasingly turning to on-premises GPU 
clusters as a way to convert unbounded, unpredictable cloud spend into 
capital investment.

#2: REGULATORY PRESSURE AND DATA SOVEREIGNTY

Healthcare providers and diagnostics companies operate under HIPAA, 
GDPR, and national data residency requirements. Moving protected health 
information (PHI) and diagnostic images to public cloud AI services cre-
ates material exposure: questions about where PHI is stored, processed, 
and backed up; how models trained on patient data are governed and 
audited; and the risks introduced by cross-border transfers and cloud-pro-
vider subprocessor chains.

Regulators and hospital boards increasingly prefer architectures where 
raw PHI stays on-premises or in tightly controlled sovereign environments, 
AI models can be versioned and rolled back under the organisation’s own 
governance, and cloud is reserved for non-sensitive or anonymized work-
loads, not routine clinical inference on identifiable patients.
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#3: LATENCY AND RELIABILITY AT THE POINT OF CARE

#4: DATA GRAVITY AND EGRESS ECONOMICS

#5: FACILITY CONSTRAINTS AND SUSTAINABILITY

Many clinical applications are latency-sensitive: radiology workflows 
where AI pre-reads populate the worklist, in-procedure decision support in 
interventional cardiology and surgery, and real-time analysis for point-of-
care diagnostics and ICU monitoring.

Round-trip inference to distant cloud regions introduces unpredictable 
latency and service interruptions. For frontline clinicians, this translates to 
AI suggestions arriving after critical decisions are already made, workflow 
friction that drives low adoption, and an inability to certify uptime and 
response-time SLAs across third-party networks. Running inference 
close to the data, in hospital data centers, labs, or edge environments, 
delivers more deterministic performance and maintains autonomy when 
connectivity degrades.

Imaging, pathology, and genomics generate hundreds of gigabytes per day 
per site. Continuously moving this data to the cloud for inference creates 
compounding egress and storage costs, high bandwidth requirements, 
and unnecessary complexity in managing multiple copies of sensitive data 
across environments. For most hospitals, it is more efficient and more 
secure to bring compute to the data — not the other way around.

Scaling AI on-premises is not trivial. Traditional air-cooled servers cannot 
support high-density GPU configurations without significant upgrades to 
power and cooling infrastructure. Many existing machine rooms lack the 
space, chilled water supply, or noise tolerance required for dense AI clusters. 
At the same time, sustainability commitments are pushing CIOs and ESG 
teams toward lower-PUE solutions as energy prices remain volatile and AI 
workloads drive consumption higher.

Healthcare environments compound this further: Quiet operation near clinical 
areas, minimal disruption during installation, and low tolerance for unplanned 
downtime are non-negotiable requirements that standard data center 
infrastructure was not designed to meet.
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PRIORITIZE SUSTAINED INFERENCE, NOT PEAK TRAINING

Most healthcare organizations do not operate trillion-parameter training 
clusters. They run production inference at scale with well-defined models 
and SLAs. PCIe-based GPU servers in the 8–64 GPU range offer lower cost 
per GPU, easier integration with existing racks and power infrastructure, 
and sufficient throughput for imaging AI, LLM-based documentation, 
and clinical decision support. This is precisely the configuration where 
high-efficiency liquid cooling and dense packaging deliver their greatest 
economic advantage.

The strategic response: cloud for 
experimentation, on-premises for scale

Design principles for healthcare-grade 
AI infrastructure

Leading healthcare organizations are converging on a pragmatic strategy: 
Use the cloud to experiment and burst, and run production inference  
on-premises.

In practice, this means consolidating high-volume, steady-state inference 
workloads on dedicated on-premises GPU clusters; keeping sensitive 
imaging, pathology, and PHI data within hospital or sovereign facilities; 
designing architectures that span central data centres and edge locations, 
connected via secure networks with local autonomy when needed; and 
seeking validated, turnkey infrastructure that minimizes integration risk and 
accelerates time-to-value.

The infrastructure challenge is clear: deliver cloud-class AI performance, 
predictability, and efficiency inside the physical and operational constraints 
of existing healthcare facilities.

ARCHITECT FOR SOVEREIGNTY AND AUDITABILITY

Infrastructure should make compliance straightforward to demonstrate: 
clear segregation of PHI-processing systems from general IT workloads, 
on-premises storage and processing of raw images and patient identifiers, 
and transparent logging, model versioning, and access controls auditable 
by regulators and internal compliance teams. Local clusters running 
containerized AI services under the organization’s own governance provide 
this far more cleanly than opaque, multi-tenant cloud APIs.
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BRING COMPUTE TO THE DATA

Given the data gravity of imaging and genomics workloads, deploying 
inference nodes near the imaging archive, PACS/VNA, or lab systems is 
almost always more efficient than exporting data to centralized cloud 
regions. This approach reduces network dependency for critical clinical 
workflows and eliminates the cost and complexity of maintaining multiple 
copies of sensitive data.

USE LIQUID COOLING TO UNLOCK DENSITY & SUSTAINABILITY

High-density GPU inference clusters generate significant heat. Traditional 
air-cooled racks either throttle performance or force expensive facility 
upgrades. Precision liquid cooling changes this equation: It captures almost 
all system heat and rejects it efficiently via a compact liquid-to-air cooler 
without requiring building chilled water, delivers 40–50% lower cooling energy 
overhead compared with air-cooled alternatives at high utilisation, enables 
greater GPU density per rack, and operates quietly  
— a critical requirement for hospital environments.

For healthcare leaders balancing capacity, footprint, and ESG commitments,  
liquid cooling has moved from optional optimisation to core infrastructure 
requirement.

How Iceotope’s KUL BOX 
addresses these challenges
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Iceotope’s KUL BOX is a compact, liquid-cooled AI 
inference cluster engineered for on-premises and 
edge deployments in healthcare, diagnostics, and 
life sciences.

It is a complete 24U rack solution: liquid-cooled 
GPU servers, networking, power distribution, 
and an external liquid-to-air cooler delivered 
as a single integrated system with installation 
and support. There is no facility chilled water 
requirement, no major infrastructure overhaul, and 
no trade-off between density and sustainability.

For healthcare enterprises, this means being able 
to repatriate high-volume inference workloads like 
imaging AI, documentation LLMs, lab analytics 
to on-premises, while maintaining or improving 
latency and throughput. It means deploying 
AI capacity across multiple hospitals, labs, or 
manufacturing sites without rebuilding facility 

cooling at each one. And it means creating a 
consistent, compliant AI infrastructure layer that 
can serve many applications and business units 
over a three- to five-year horizon.

The economics are straightforward: replace 
unbounded, token-based cloud inference costs 
with a predictable capital and operating profile. 
The compliance posture is clear: PHI and 
sensitive data stay under direct organizational 
control. And the operational fit is real: quiet, 
compact, facility-friendly, designed for the 
environments where clinical AI actually runs.
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Iceotope’s KUL BOX is a compact, 
liquid-cooled AI inference cluster 
engineered for on-premises and 
edge deployments in healthcare, 
diagnostics, and life sciences.
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Baseline AI demand and costs
Map existing and planned inference workloads by volume (tokens, images, 
or studies per month) and quantify current and projected cloud spend 
including GPU instances, APIs, storage, and egress.

Classify data and compliance requirements
Identify which workloads process PHI or regulated data and which can 
remain in the public cloud. Engage compliance and privacy teams early to 
define acceptable architectures before infrastructure decisions are made.

Identify candidate workloads for repatriation
Prioritize high-volume, steady-state inference workloads where on-premises 
clusters can deliver order-of-magnitude cost savings over three to five 
years, particularly where latency, reliability, or data gravity are already pain 
points.

Pilot a local inference cluster
Start with a right-sized on-premises deployment to validate performance, 
integration, and cost savings. Connect it to existing PACS/VNA, LIS, EHR, 
and analytics platforms to test real workflows under real conditions.

Scale via a repeatable blueprint
Use the pilot as the template for rolling out AI capacity across sites, 
standardizing on hardware, cooling, and operations. Continuously refine 
governance and capacity planning as the AI portfolio grows.

A practical roadmap for healthcare leaders

For CIOs, CTOs, and digital leaders considering this transition,  
a pragmatic path forward typically involves five steps:
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Conclusion Healthcare is entering an era where AI is embedded in every 
diagnostic and care pathway. The infrastructure decisions 
made today will shape cost, compliance, and clinical agility 
for the next decade.

Cloud remains essential for experimentation, research, and 
burst workloads. But for high-volume, regulated AI inference, 
the calculus has changed. On-premises, high-efficiency GPU 
clusters, delivered in compact, liquid-cooled systems built 
for clinical environments, offer a compelling and increasingly 
necessary path to AI infrastructure that is sustainable, 
sovereign, and fit for the demands of modern healthcare.

The organizations that build this foundation now will be 
better positioned to scale AI safely, cost-effectively, and 
without compromise.

To learn more about how Iceotope’s KUL BOX can support 
your AI infrastructure strategy, contact us at iceotope.com.

https://www.iceotope.com/


FROM CLOUD AI EXPERIMENTS TO CLINICAL-GRADE AI INFRASTRUCTURE  |  10

WWW.ICEOTOPE.COM
SALES@ICEOTOPE.COM

https://www.iceotope.com
mailto:sales@Iceotope.com

