
Generative AI 

in Healthcare:
Where It Actually 
Accelerates Development
Six engineering use cases, an honest accounting of what AI cannot 
accelerate, the security architecture that makes it safe to use, and the 
evidence behind every claim.



Executive Summary
Generative AI is already accelerating parts of healthcare software delivery, but only 
specific parts. Engineering teams building FHIR integrations, clinical documentation 
features, compliance documentation, and AI-enabled product capabilities are seeing 
typical gains of 30–60% on the drafting and generation stage of that work, based on 
Crunch-IS's delivery experience across NHS and US health system projects.


 


This paper sets out where those gains hold, where they don't, and what stays unchanged. 
Clinical validation, regulatory review, EHR vendor onboarding, and compliance sign-off 
are fixed-cost gates that GenAI does not compress - a distinction most vendor content 
leaves out. Six engineering use cases, a documented example of where GenAI 
underperformed expectations, and the security architecture required to use it safely on a 
codebase touching patient data follow below.
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1.  The Development Problem in 
Healthcare Software
Why healthcare engineering cycles run longer than 
other regulated industries

Healthcare software development carries overhead that doesn't exist in most other industries: 

interoperability standards (HL7 FHIR, HL7 v2), data protection regulation (HIPAA, GDPR), and clinical 

validation requirements that apply even to administrative features. A feature that would be 

straightforward in another regulated industry - user authentication, data export, a notification 

system - takes meaningfully longer in healthcare because every component touches clinical data 

governance, EHR integration constraints, etc. In our delivery experience, that overhead commonly 

adds weeks to tasks that appear simple on paper, and months to anything that requires EHR vendor 

coordination or clinical sign-off.

What adds time in healthcare dev

FHIR R4 mapping & profiling

HL7 v2 parser implementation

HIPAA audit logging infrastructure

Synthetic data generation for QA

Clinical validation of AI outputs

Compliance documentation drafting

Where GenAI can reduce drafting time

Code generation for FHIR resources

HL7 message transformation boilerplate

Audit trail schema & logging templates

Synthetic patient dataset generation

Test case generation for edge cases

First-draft compliance documentation

The fastest healthcare engineering teams Crunch works with 

don't skip compliance. They accelerate the drafting work 

around it. GenAI handles generation; engineers and compliance 

officers handle review and validation, exactly as before. That 

division of labor doesn't change - only the speed of the first 

step does.
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2. Market Context - Why Speed 
Now Matters
Independently sourced market data, linked for verification

Market data:

The global AI in healthcare market was valued at USD 36.67 billion in 2025 and is projected to reach 

USD 505.59 billion by 2033, growing at a compound annual growth rate of 38.9%, according to Grand 

View Research. 

Generative AI specifically is forecast to grow from USD 4.7 billion in 2026 to USD 39.8 billion by 2035, 

according to Roots Analysis. 

Deloitte's Life Sciences and Health Care Generative AI Outlook Survey found that 75% of leading 

healthcare organizations were already experimenting with or actively scaling generative AI use 

cases.

McKinsey's 2026 healthcare outlook identifies health services and technology as the sector's fastest-

growing segment, with AI-enabled workflow automation and data connectivity as primary value 

drivers.

Gartner's Predicts 2026 report identifies agentic AI as the next major evolution in healthcare 

provider operations. The organizations best positioned to capture that value already have reliable 

data infrastructure and are shipping AI-enabled products.

What this means for development teams:

Health tech vendors on 12-month release cycles risk losing ground to competitors shipping quarterly. 

Provider digital teams on 18-month EPR roadmaps risk missing the window for AI-enabled features 

entirely. This is a directional risk supported by the adoption data above, not a guaranteed outcome — 

but the gap between early movers and late adopters in this market is widening.

38.9%
Healthcare AI market CAGR

Grand View Research

75%
Leading orgs scaling GenAI

Deloitte

$505.59B
Projected market size by 2033

Grand View Research

84×
Documentation efficiency gain

Mayo Clinic study¹

¹ Mayo Clinic Proceedings study on ambient documentation, cited in McKinsey's 2026 healthcare outlook. This 

figure describes a clinical documentation outcome, not a software-engineering acceleration metric — included 

here for market context only.
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How GenAI Fits Into the 
Engineering Workflow
Where the AI layer sits, and what stays unchanged

GenAI-Assisted Engineering Workflow: Where the AI Layer Sits

Engineer 
Specification

FHIR profile, rule, 
or schema defined

GenAI 
Generation

Code, docs, test 
cases drafted

Engineer 
Review & Edit

Validate logic, fix 
edge cases

Clinical / Compliance

Validation

Required for any output 
touching patient data

Production 
Deployment

Monitored, 
audited

What changes with GenAI in this pipeline

Without GenAI With GenAI

Engineer writes specification, then writes implementation 

code manually, then writes test cases manually, then submits 

for review. Generation step is fully manual and is typically the 

largest time component.

Engineer writes specification, GenAI draft implementation 

and test cases, engineer reviews and corrects. Review and 

validation steps are unchanged in scope — they still 

require the same expert judgment.

Clinical and compliance validation (stage 4) is never removed or shortened by GenAI — it remains a fixed-cost gate.

The diagram above is the model that applies to every use case in this paper. GenAI 

participates in one stage — generation — of a five-stage pipeline. Specification, review, 

clinical/compliance validation, and deployment are unchanged in scope and ownership. 

This is also why the time savings described in the following sections apply specifically to 

the generation stage, not to the end-to-end project timeline.
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GenAI-Accelerated FHIR & EHR Integration01

FHIR R4 integration is one of the largest recurring engineering line items in healthcare software. 

Mapping clinical data from legacy EHR systems (Epic, Cerner, EMIS, SystemC) to HL7 FHIR R4 

resources requires writing transformation rules, profiling resources to FHIR UK Core or US Core, and 

testing against representative patient data. For a typical hospital integration, this commonly takes 

8–12 weeks of senior engineering time, based on our delivery history across NHS and US health 

system projects.

Where GenAI accelerates it: 

Generating FHIR resource mapping boilerplate, HL7 v2-to-FHIR transformation scaffolding, and 

SMART on FHIR OAuth implementation reduces the volume of repetitive code an engineer writes by 

hand. In our engineering team's experience, this commonly compresses the boilerplate-writing 

portion of a mapping task — not the full integration project — by roughly a third to half. The engineer 

still defines every mapping rule and validates every resource against real or synthetic patient data 

before anything ships.

What this specifically covers:

FHIR resource mapping code — GenAI drafts Patient, Observation, Condition, MedicationRequest 

resource templates from a specification the engineer writes.


HL7 v2 message parsing — GenAI drafts segment parsers from HL7 message schemas (MSH, PID, 

OBR, OBX) as a starting point for engineer review.


FHIR profile validation scaffolding — GenAI drafts conformance checks against FHIR UK Core / US 

Core implementation guides.


API test case scaffolding — GenAI proposes FHIR RESTful API test cases, including candidate 

edge cases, for the engineer to confirm and extend.


Integration documentation — GenAI drafts a first-pass technical integration spec from finished 

code, which an engineer then edits for accuracy.

FHIR APIs to Exchange Data with EHR

MU3 Criteria — §170.315(g)(7), §170.315(g)(8), §170.315(g)(9)

EHR

Database

CRUD
EHR Mobile Apps Patient Portal Internal Apps Partner Apps

Patient Encounter

HTTP  PUT

Observation Medications

FHIR SERVER

FHIR API

FHIR sync

Allergies Vitals Order
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Production constraint: every GenAI-drafted FHIR artifact 

above requires engineer review and validation against real or 

synthetic patient data before it enters a production codebase. 

Generation accelerates the first draft; it does not replace FHIR 

expertise, interoperability testing, or sign-off.

What we do not yet have hard data on:


a controlled, before/after time study isolating GenAI's contribution on a single integration project. 

The estimate above reflects engineering team experience across multiple projects, not a single 

measured benchmark. We are tracking this on current engagements.



AI-Assisted Clinical Documentation Engineering02

Building ambient clinical documentation features — systems that capture clinician-patient 

conversations and generate structured EHR notes — requires engineering investment across speech-

to-text pipelines, clinical NLP, FHIR-native output formatting, and audit trail infrastructure. This is 

product engineering, not the AI model that clinicians ultimately interact with — a distinction worth 

holding onto, since the clinical safety of the resulting feature is governed separately (see Section 3).

Where GenAI accelerates it:

The ambient documentation engineering stack (audio capture, transcription, context extraction, 

note generation, EHR push) is a multi-component build. GenAI can draft the NLP processing logic, 

SOAP note templates, and EHR-specific output formatters as a starting point, which the 

engineering team then refines and integrates rather than building from a blank file. This shortens 

the drafting phase of those specific components; it does not shorten the integration testing or 

clinical sign-off phases.

What this specifically covers:

Clinical note templates (SOAP, H&P, progress notes) — GenAI drafts from specialty and EHR 

format specifications.


NLP entity extraction scaffolding — GenAI drafts clinical entity recognizers (diagnosis, 

medication, symptom, procedure extraction) for engineer refinement.


FHIR DocumentReference output — GenAI drafts structured output mapping from note content 

to FHIR R4 resources.


Fact-checking rule engine scaffolding — GenAI drafts allergy/interaction checking rule 

templates referencing SNOMED CT and RxNorm, which a clinical informaticist then validates.



03 Automated Compliance & Audit Trail Drafting

HIPAA compliance documentation, GDPR data processing records, DTAC assessment evidence, and 

audit trail schemas are text-heavy, template-driven outputs that engineering and compliance teams 

typically produce manually. This is one of the clearer wins in this paper because the output is a draft 

document, and the review step (legal/compliance sign-off) was always going to happen regardless of 

who or what wrote the first version.

Where GenAI accelerates it:

Compliance documentation follows largely deterministic patterns: data flows, access controls, 

retention policies, risk assessments, and logging specifications. GenAI can generate a comprehensive 

first draft from architectural inputs the engineer provides. The value is eliminating blank-page time — 

going from nothing to a reviewable draft — not eliminating the legal or compliance review itself, 

which is unchanged in scope.

What this specifically covers:

HIPAA Security Rule implementation specification — drafted from an architecture diagram the 

engineer supplies.


GDPR Article 30 records of processing activities — drafted from existing data flow 

documentation.


Audit trail schema design — draft immutable logging schemas for clinical decision points, for 

engineer and compliance review.


DTAC (Digital Technology Assessment Criteria) evidence statements — drafted from existing 

feature documentation.


HL7 FHIR implementation guide documentation — draft capability statements and conformance 

documentation.

Production constraint: AI-generated compliance 

documentation requires legal and compliance review before 

submission to any regulator, auditor, or partner organization. 

These are first drafts — and should never be represented as 

final documents. 
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04 Synthetic Patient Data for Testing & QA

Healthcare QA needs realistic patient data, but real patient data generally cannot be used in 

development and testing environments without de-identification, consent management, and data 

residency controls — a process that adds meaningful lead time and typically requires legal approval. 

Synthetic patient data sidesteps that: no PHI involved, available without waiting on a data-sharing 

agreement.

Where GenAI accelerates it:

Generative models can produce synthetic patient records that approximate the statistical 

distributions of demographics, diagnoses, medications, and lab results found in de-identified 

reference datasets, without exposing any real patient information. Development teams get usable 

test datasets without waiting on data governance approval for real records — this is a genuine and 

fairly unambiguous time saving, since it removes a wait rather than compressing expert work.

What synthetic patient data enables:

FHIR integration testing — synthetic FHIR R4 patient bundles 

for end-to-end integration testing without real PHI.

ML model training augmentation — 

supplementing training data where real-world 

examples are limited (rare conditions, edge 

cases).

Load testing — realistic patient 

volume simulation for performance 

testing.


QA edge case generation — GenAI 

proposes edge case patients (rare 

diagnoses, poly-pharmacy, complex 

comorbidities) for the QA team to 

incorporate.

Clinical workflow simulation — simulated 

patient journeys through EPR systems for 

user acceptance testing.
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GenAI Co-Pilots in Healthcare Product Development05

Health tech companies building AI-enabled features — clinical decision support, intelligent triage, 

predictive alerts, patient-facing co-pilots — face a common engineering challenge: much of the 

underlying language capability already exists in foundation models, but adapting it for clinical safety 

requires custom architecture, validation, and integration work specific to the product.

Where GenAI accelerates it:

Rather than building clinical NLP capability from first principles, engineering teams use foundation 

models as a starting point and layer domain-specific fine-tuning, retrieval-augmented generation, 

and safety constraints on top. The engineering effort shifts from building base language capability — 

which is now largely commoditized — to engineering the clinical safety layer, which is genuinely 

where the differentiated engineering work and the differentiated risk both live.

Where this commonly applies:

Clinical decision support tools — a RAG pipeline against a curated clinical knowledge base, rather 

than building retrieval infrastructure from scratch.


Patient-facing co-pilots — fine-tuning a foundation model for patient communication rather than 

building NLP infrastructure from scratch.


Intelligent triage systems — GenAI-drafted symptom assessment logic as a starting point for a 

clinically-reviewed rules engine.


Administrative drafting features — GenAI-assisted scheduling, coding suggestions, and prior-

authorization drafts as building blocks within a larger workflow automation feature.



Intelligent Automation for Administrative Healthcare 
Workflows

06

Administrative healthcare workflows — prior authorization, claims processing, appointment 

scheduling, patient intake, referral management — are high-volume, rule-heavy processes. This is one 

of the clearer ROI applications in healthcare AI generally, because the automation target (a specific 

document or decision) is explicit and outcomes are directly measurable — which also means it's the 

use case most exposed to exaggerated claims industry-wide, so we've kept the language here 

intentionally conservative.

Where GenAI accelerates development: 

Building intelligent automation for administrative workflows previously required custom NLP models 

for document parsing alongside hand-built rules engines for eligibility or coding logic. GenAI handles 

a meaningful share of the natural-language-understanding layer as a starting point; engineering 

teams focus their time on integration with source systems, validation against ground truth, and 

exception handling for the cases that don't fit the pattern.

Where this commonly applies:

Prior authorization drafting — GenAI drafts an eligibility 

recommendation from insurance policy text and patient record 

data, with routine cases routed for fast human sign-off and 

edge cases flagged for full manual review.

Clinical coding assistance (ICD-10, CPT) — GenAI 

suggests candidate codes from clinical notes for 

a coder to confirm.

Referral letter drafting — GenAI drafts structured 

referral letters from consultation notes.

Patient intake processing — GenAI extracts 

structured data from intake forms as a starting 

point for staff review.

Claims documentation drafting — GenAI drafts supporting 

documentation from clinical records for a claims specialist to finalize.
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3. What GenAI Cannot Accelerate 
— and What to Do Instead
The honest boundary, including a real example of where it 
underperformed expectations

GenAI accelerates generation and drafting tasks. It does not accelerate judgment, validation, or 
institutional process. These distinctions matter most in healthcare, where the consequences of 
getting them wrong are patient-facing.

Clinical validation of AI outputs
An AI-generated clinical note, triage recommendation, or eligibility decision must be validated by 

clinicians before production deployment. GenAI speeds up generation; clinical validation time is fixed 

by the process, not by the technology used to produce the draft.

EHR vendor negotiation and API access
Getting API access to Epic, Cerner, EMIS, or other EHR vendors takes weeks to months of contractual 

and technical onboarding that has nothing to do with engineering speed. GenAI cannot accelerate 

vendor timelines.

Regulatory approval timelines
FDA, MHRA, and NHS Digital review timelines are fixed by process. Faster engineering gets a 

submission ready sooner, but the review itself is unchanged, and AI-generated documentation still 

requires expert review before submission.

Legacy system integration complexity

Some healthcare systems have poor or undocumented APIs. GenAI can generate integration code 

against a known specification, but if the underlying system doesn't expose clean, documented data, 

no amount of code generation solves that — it has to be reverse-engineered by an experienced 

integration engineer.

Patient data access and governance

Obtaining consent, data sharing agreements, and governance approval for patient data access 

follows institutional timelines that GenAI cannot compress.
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A real example where GenAI underperformed our expectations

On one HL7 v2-to-FHIR integration, we expected GenAI-generated segment parsers to cut 

implementation time roughly in half, in line with our typical range for that task. The source system 

used non-standard segment ordering and several custom Z-segments that weren't represented in 

the training context we'd given the model, so the generated parsers needed substantially more 

rework than usual — the engineer ended up rewriting close to half of the generated code by hand. 

We still came out ahead of a fully manual build, but the time saving on that specific integration was 

closer to 15–20% than our typical 40–60% range. The lesson we took from it: GenAI acceleration is 

most reliable against well-documented, standards-conformant source systems, and degrades on 

legacy systems with non-standard implementations — which, in healthcare, is a meaningful share of 

what you'll actually encounter.
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4. Security & Data Governance 
Architecture
How we use GenAI on healthcare engineering work without 
exposing patient data

Using GenAI tools on a codebase that touches patient data is not a casual decision, and we don't 

treat it as one. The architecture below is what we apply across the use cases in this paper. It is 

intentionally conservative.

Security & Data Governance Architecture 
for GenAI-AssistedDevelopment

Layer 1 — Data Boundary Control01

No real PHI/PII is ever sent to a GenAI model, including code-generation tools. Synthetic or de-identified 
data only. Schema and structure can be shared; patient-identifiable values cannot.

Controls — data classification tagging, automated PHI scanners on any prompt/context before it reaches a model, 
private/VPC-isolated model endpoints where applicable.

Layer 2 — Model Deployment Boundary02

Code- and content-generation models run within the client's cloud tenancy or a contractually-bound 
enterprise agreement (no training on client data; zero data retention where supported by the vendor).

Controls — enterprise API agreements with zero-retention terms, private cloud / VPC deployment options, 
model version pinning.

Layer 3 — Mandatory Human Review Gate03

No GenAI output enters source control, documentation repositories, or compliance records without 
named engineer or compliance officer sign-off. This gate is identical whether code was AI-assisted or 
hand-written.

Controls — required PR reviewer assignment, compliance officer sign-off on generated documentation, no auto-
merge for AI-touched files.

Layer 4 — Audit & Traceability04

Every GenAI-assisted artifact is tagged at the point of generation: which tool, which prompt context 
class, which reviewer approved it. This supports HIPAA Security Rule and ISO 27001 audit requirements.
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Key principles in practice:

No real PHI or PII is ever included in a prompt or context window sent to a GenAI model, including 

code-generation and documentation tools — synthetic or de-identified data only.


Where a vendor offers enterprise agreements with zero data retention and no training on 

customer data, we use those terms; where they don't, we don't send anything sensitive to that 

tool.


Private cloud or VPC-isolated model endpoints are used for any workflow with elevated data 

sensitivity.


Every GenAI-assisted code change or document goes through the same review and sign-off 

process as hand-written work — no auto-merge, no skip-review exception for AI-touched files.


Generation events are tagged for audit purposes: which tool, what class of context was provided, 

who reviewed and approved the output.

This architecture supports HIPAA Security Rule documentation 

requirements and aligns with ISO/IEC 27001 control expectations 

around third-party processing and access logging. It is not, on its own, 

a certification — client-specific compliance posture should be assessed 

by your compliance team against your specific regulatory obligations.

Generative AI in Healthcare 16



5. Traditional vs. AI-Accelerated 
Development
A directional comparison — actual figures vary by project 
complexity and source system quality

Traditional Development AI-Accelerated Development

FHIR R4 integration: 8–12 weeks, primarily manual 
mapping and parser implementation

FHIR R4 integration: commonly 4–8 weeks, with GenAI 
drafting mapping boilerplate for engineer review

Compliance documentation: 2–4 weeks of 
compliance officer and engineer drafting time

Compliance documentation: first draft in hours; review 
and sign-off timeline unchanged

QA test data: 4–6 week wait for de-identified or 
consented real patient data

QA test data: synthetic patient datasets available 
without a data governance wait

AI feature NLP layer: 12–16 weeks to build clinical 
NLP capability from scratch

AI feature NLP layer: foundation model as a base, with 
engineering focus shifted to the safety layer

Administrative workflow automation: commonly 8–12 
weeks, with GenAI handling a share of the language 
understanding layer

Administrative workflow automation: 20+ weeks 
for custom NLP and rules engine build

These ranges describe our engineering team's typical project experience, not a single controlled benchmark 
applicable to every project. Source system quality, EHR vendor API maturity, and clinical complexity all materially 
affect the result — see the limitation example in Section 3.
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6. Proof of Delivery: Three Recent 
Crunch-IS Projects
Evidence that we can deliver against the use cases above — 
not the source of the time-saving estimates themselves

The use case estimates in previous sections describe typical engineering effort based on our team's 
project experience. The three projects below are presented separately, as evidence of delivery 
capability across FHIR interoperability, clinical AI, and GenAI-powered patient engagement — the 
underlying domains this paper's use cases draw on. Where a project includes a specific, attributable 
outcome metric, it's noted as such. 

Project 1: Standards-Based EHR–PMS Synchronization 
(HL7 FHIR, SSO, AWS)

Delivered real-time, standards-based data synchronization between EHR and 

PMS systems for a healthcare provider operating across multiple systems, using 

HL7 FHIR and SSO on AWS infrastructure. This project demonstrates our FHIR R4 

mapping and EHR interoperability capability directly relevant to Use Case 1. 

Fll case stdy Full case study

Project 2: Personalized Patient Engagement Platform, 
NHS-Integrated (Amazon Bedrock, PDS FHIR API, NHS 
DTAC)

Built a personalized patient engagement platform for a UK digital mental health 

provider, where a recommendation layer selects the next relevant action for each 

patient and Amazon Bedrock generates the outreach from approved templates, 

grounded in care stage and engagement history. Patient identity and 

demographics run through NHS Login and the Personal Demographics Service 

FHIR API.

Up to 2× 30–50% 50–70%
Re-engagement from 
at-risk cohorts

Stronger patient 
engagement

Faster content launch 
and update cycles

Fll case stdy Full case study

Project 3: AI-Powered Medical Video Search (Azure OpenAI 
+ NVIDIA H100)

Built a HIPAA-compliant, searchable analytics layer over large clinical video 

libraries using Azure OpenAI for content intelligence and NVIDIA H100 GPU 

infrastructure for processing at scale. This project demonstrates the GenAI-

assisted content-intelligence development pattern relevant to Use Case 5.

ull cae tud Full case study
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7. Getting Started: A Realistic 
Roadmap
How to introduce GenAI into your healthcare engineering 
process without disrupting delivery 

The most common mistake is applying GenAI everywhere at once. The more reliable approach is 

targeted: pick the 1–2 highest-value acceleration points in your current roadmap, measure the result, 

then expand.

Four-step introduction:

01 02 03 04
Run a 2-week spike on 
one specific task (e.g. 
generating FHIR R4 
resource mapping 
code for one 
integration). Measure 
actual time saved 
against your team's 
historical baseline — 
don't estimate, 
measure.

Identify your 
bottleneck: where 
does your current 
healthcare software 
roadmap lose the 
most time? 

FHIR integration? 

QA data availability? 
Compliance 
documentation? 
Choose one.

Establish review 
protocols before 
scaling: define who 
reviews GenAI output 
before it enters the 
codebase or a 
compliance record. 
This division of labor 
is non-negotiable, and 
budget reviewer time 
generously for the 
first few cycles.

Scale to the next 
bottleneck only once 
the first application is 
stable and the time 
saving is verified 
against your own 
data, not against this 
paper's ranges.

Want a second opinion on 
where GenAI would actually 
help your roadmap?
Tell us your current bottleneck — we'll tell you where it helps,

where it won't, and what the security review should cover.

ull case study Book a 45-min assessment
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About Crunch-IS
Crunch-IS is an AI-enabled custom software 

engineering company with a delivery record 

across clinical AI, healthcare data 

infrastructure, FHIR interoperability, and 

standards-based EHR integration. Founded in 

2018, we serve clients across the US, UK, and 

DACH regions — from NHS trusts and 

integrated care systems to digital health 

startups and enterprise health technology 

vendors.

Our generative AI work in healthcare spans 

clinical documentation engineering, patient-

facing AI co-pilots, eligibility automation, and 

AI-accelerated product development. We build 

production systems — not proofs of concept — 

and we'd rather tell you what doesn't work than 

oversell what does.

crunch-is.com/generative-ai-consulting-services/Generative AI services

crunch-is.com/generative-ai-consulting-services/Healthcare Software Development

crunch-is.com/generative-ai-consulting-services/Case studies

crunch-is.com/generative-ai-consulting-services/Contact

Sources & Methodology
Market and industry data sources cited in this paper:

Grand View Research — AI in Healthcare Market Report

Roots Analysis — Generative AI in Healthcare Market Report

Deloitte — Life Sciences and Health Care GenAI Outlook Survey

McKinsey — What to Expect in US Healthcare in 2026

Gartner — Predicts 2026: Healthcare and Life Sciences

Engineering time-saving estimates methodology:

Time-saving ranges in Sections 3–8 and the comparison table in Section 5 are based on Crunch-IS 
engineering team retrospective experience across healthcare projects delivered between 2024 and 
2026, compared against the team's historical baseline velocity on comparable manual builds. These 
are not the output of a controlled, externally audited study, and we say so explicitly in this paper 
rather than presenting them as precise benchmarks. Where a figure is instead an outcome metric 
from a specific delivered project (such as the Clinical Trial Screening accuracy figures in Section 6), 
that distinction is stated alongside the figure.

We are tracking before/after engineering velocity more rigorously on 

current engagements and intend to publish a follow-up benchmark 

report once we have a larger, more controlled dataset.
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