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ABSTRACT

Healthcare decision intelligence is described with increasing frequency
and decreasing precision. This paper defines decision intelligence as a
discipline, traces its origins, describes outcomes in the industries that
adopted it first, explains why healthcare's need is how acute, and outlines
what a system must do to qualify. It is a category statement rather than an
assessment of any organization operating in it.

Key observations

1

Decision intelligence is the
discipline of engineering how
decisions get made, then
measuring what they produce.

Healthcare has every
characteristic that made the
discipline work elsewhere, and
the pressure behind the need
is intensifying.

4

Work performed before the
decision is analysis. Work
performed after is reporting
and recovery. Decision
intelligence operates at the
moment of decision.

Retrieval, assembly,
extraction, routing,
prioritization, and
documentation are work.
Decisions about a patient’s
care, coverage, or payment
are determinations.

The standard includes three conditions that separate healthcare decision
intelligence from the capabilities it is most often confused with: expertise
built into the software; intelligence traceable at decision speed; and

applied human judgment.
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Why This Paper Exists

Healthcare decision intelligence is described with increasing frequency and
decreasing precision. The term is applied to analytics platforms, automation
tools, Al pilots, and reporting layers that share little beyond the underlying
technology.

That imprecision has a cost. When a category lacks boundaries, buyers cannot compare what
they are being offered, organizations cannot tell whether an investment moved them forward,
and the conversation stalls at capability claims.

This paper defines decision intelligence as a discipline, traces its origins, describes outcomes
in the industries that adopted it first, explains why healthcare's need is now acute, and outlines
what a system must do to qualify. It is a category statement rather than an assessment of any
organization operating in it. The standard it sets applies across healthcare, to clinical,
operational, and financial decisions alike.

Its companion, The State of Healthcare Decision Intelligence in Payment Accuracy, applies the
standard established here to the function where the category is proving out first.



https://www.lyric.ai/resources/the-state-of-healthcare-decision-intelligence-in-payment-accuracy
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The Threshold

Every industry eventually reaches a point where the number of
consequential decisions it must make exceeds its capacity to make them
well.

The decisions do not become harder individually. Too many arrive too quickly, governed by
too much policy, for expertise alone to apply consistently. The organization is not short on
knowledge. It is short on the ability to bring that knowledge to bear at the moment each
decision is made.

Several industries hit that point decades ago. What they built in response became a discipline,
and healthcare is now arriving at the same threshold.

What Decision Intelligence Is

Decision intelligence is the discipline of engineering how decisions get
made, then measuring what they produce.

Systems built this way combine analytics, business rules, and Al to support, augment, and
automate decisions inside the workflow where those decisions occur, then feed the outcomes
back into the logic that produced them. What distinguishes the discipline is what it does with
information, not what it does to it.

Decision intelligence's foundations predate the term. Operations research took shape in
Britain's prewar air-defense work as scientists helped operationalize radar and control fighter
interception in the later 1930s," and Stanford’s Ronald Howard named decision analysis in
1966.%2 Computerized decision support followed a parallel path from theory to software.
Model-driven systems built in the mid-1960s combined data and analytical models for a single
decision-maker, and MIT researchers named the field decision support systems in 1971.3
Spreadsheets put what-if modeling on analysts’ desks in the 1980s. Data warehouses,
executive information systems, and online analytical processing (OLAP) followed in the late
1980s and early 1990s, and that data work grew into business intelligence.# Each generation
improved the tools available. Few engineered the decision process itself or returned outcomes
to the logic that produced them, and all were limited by the data and computing of their time.
What changed is that the theory became operable at production volume.
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From the mid-2000s to the mid-2010s, the work moved from helping one person make a
decision to building decision logic into operational systems that run on their own.3 Decision
intelligence took that automated logic, combined it with machine learning, and added a
feedback loop that sends results back into the logic.

Lorien Pratt and Mark Zangari were developing a decision-modeling approach they called
Decision Engineering by 2008; Pratt later described the broader discipline as decision
intelligence.®” In 2016, Mastercard gave the name Decision Intelligence to an Al service that
scores card authorizations across its network.® Gartner now defines the field as “a practical
discipline used to improve decision making by explicitly understanding and engineering how
decisions are made, and how outcomes are evaluated, managed and improved via feedback,"®
and published its first Magic Quadrant for Decision Intelligence Platforms in January 2026."

FIGURE 1

Historical foundations of decision
intelligence
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Source: note 1, note 2, note 3, note 4, note 5, note 8, note 10.
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Work performed before the decision is analysis. Work
performed after is reporting and recovery. Decision intelligence
operates at the moment of decision.

FIGURE 2

Where decision intelligence operates

AT THE MOMENT OF . AFTER THE
DECISION DECISION

Decision Reporting and
intelligence recovery

BEFORE THE
DECISION

Analysis

Business intelligence reports what happened. Forecasting projects what is likely. Simulation
tests assumptions under varied conditions. Each is valuable, but none is decision intelligence.
A system qualifies not because it uses Al, and not because it produces insight, but because it

brings the relevant data, policy, evidence, and recommendation to the decision while it is still
open and can still be changed.

The test is where intelligence is applied, not where it originates. Outcomes generated after a

decision is made are essential inputs to the discipline. What matters is that intelligence returns
to the point where the next decision is made.
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Where the Discipline Matured

Three domains moved first, and each went deep in one area rather than

broad across many.

FIGURE 3

Where the discipline matured
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Credit and fraud

Decades of scoring expertise executing in tens of milliseconds against live transactions.
Lending moved from individual underwriter judgment to scored, policy-governed decisions
over roughly four decades: Fair Isaac built its first credit scoring system in 1958, introduced
the general-purpose FICO score in 1989, and by 1995 Fannie Mae and Freddie Mac were
using it to qualify mortgage borrowers." That year Freddie Mac also launched Loan
Prospector, which the company said returned an underwriting decision in minutes."? Card
networks moved from post-transaction investigation to authorization-time scoring, deciding
whether to approve, challenge, or decline while the transaction is still open. Visa first
applied neural networks to fraud in 1993. Visa reported that by 2019 its Advanced
Authorization system scored transactions against more than 500 risk attributes in about
one millisecond, helping prevent an estimated $25 billion in fraud annually and holding
global fraud below 0.1% of volume.™

Supply chain planning

Capacity, constraints, and network flows modeled as one connected system, with
decisions coordinated across the network rather than optimized function by function. The
path began in 1964, when IBM engineer Joseph Orlicky developed material requirements
planning.™ UPS spent 10 years building ORION, an operations research system that plans
routes for 55,000 drivers. Fully deployed in 2016, ORION was projected to eliminate about
100 million miles and 10 million gallons of fuel annually.™ McKinsey reported in 2021 that
successful early adopters of Al-enabled supply-chain management reduced logistics costs
by 15% and inventory by 35% while increasing service levels by 65% compared with
slower-moving competitors.™

10
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Insurance underwriting

Actuarial judgment encoded as executable rules, operating within regulatory and actuarial
boundaries, with human underwriters concentrated on complex and high-value risk. In U.S.
life insurance, Munich Re found in its survey that the first accelerated underwriting
programs reached the market in 2012." By 2024, 82% of carriers surveyed by Gen Re had
fully or partially implemented them, and the average time from application to underwriting
decision fell from 23 days to 5. The expert stayed in the loop: 83% of eligible applications
still received some level of human underwriter review.®

The common conditions are worth noting because healthcare shares all of them. Each domain
involved high decision volume, largely structured data, codified policy, measurable outcomes,
and a clear cost when the decision was wrong. Each encoded specialized expertise into
systems rather than leaving it with individual experts. Each also connected the outcome of a
decision back to the logic that produced it.

One further pattern matters more than the rest.

n
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A system is only as good as the human expertise behind it.
Decades of experience, judgment, and huance are what make
its decisions sound.

None of these domains succeeded by applying a general-purpose technology to a specialized
problem. They succeeded by building depth in one domain and maintaining it as the domain
evolved.

Where Those Industries Are Now

The domains that adopted the discipline earliest did not stop once they had
expertise in making good decisions in the moment. They moved ahead of
the moment.

Fraud detection and supply chain planning both progressed from responding at the point of
transaction to identifying the conditions that produce a problem before the problem presents
itself. The capability behind that shift is signal and sensing: applying anomaly detection and
pattern recognition continuously across live activity, surfacing risk while it is still forming, not
after it has become material.

Card fraud shows the shift most clearly. In 2016, Mastercard began scoring authorizations
with an Al service it named Decision Intelligence. By 2024, Mastercard said the service was
helping banks score and safely approve 143 billion transactions a year. Its newer Decision
Intelligence Pro capability improves the existing Decision Intelligence score in less than 50
milliseconds.™ That same year, the company moved ahead of the transaction altogether. Its
generative Al now scans card details exposed on criminal websites, predicts the full card
numbers from partial data, and lets banks block compromised cards before they are used.
Mastercard reported that the capability doubled its detection rate for potentially compromised
cards.?° In the U.K., Mastercard's Consumer Fraud Risk tool flags likely scam payments before
money leaves a consumer's account; within four months of adopting it in 2023, TSB reported a
marked increase in fraud detection. Mastercard estimated that comparable performance
across U.K. banks could prevent about £97 million in annual losses.?'

12
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FIGURE 4

Moving ahead of the moment

Card fraud shows the shift most clearly.
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Source: note 19, note 20.

Supply chain planning is moving the same way. In one peer-reviewed complex-asset
manufacturing case, a machine-learning model predicted late first-tier supplier orders with
80% accuracy, creating an earlier signal for contingency planning and risk mitigation.??

That changes the question the system is answering.

A mature decision intelligence system answers what should
happen now. Its forward-looking form answers what might
happen, what could happen, and what should happen next.

The practical consequence is that the system can teach an organization about its own
operation. Most organizations can see their own results but have limited ability to recognize
which of their patterns are unusual, which are early, and which are about to become material.
Intelligence operating at scale across a broad, diverse base can identify those conditions and
pair them with a recommended course of action rather than a report.
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This is the trajectory healthcare is entering, not the state it has reached. But it follows the
same direction the discipline has taken everywhere else it has matured, and it sets the target
for healthcare: recognizing a patient at rising risk before an avoidable admission, a gap in care
before it widens, or a billing pattern before it becomes an overpayment.

14
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Why Healthcare’'s Need Is Acute

Healthcare has every characteristic that made the discipline work
elsewhere, and the pressure behind the need is intensifying.

Decision volume keeps rising. A single episode of care can require decisions about
diagnosis, treatment, site of care, referrals, documentation, coverage, coding, and payment,
often made by different parties in different systems. Multiply that across the patients a health
system treats and the claims a health plan processes, and you get one of the most decision-
intensive operating environments in any industry.

The underlying knowledge changes faster than the systems governing it. New treatments,
drugs, procedures, and coding conventions arrive continuously. Clinical evidence moves
faster than annual release cycles. A frequently cited 2011 projection, never validated against
later data, estimated that medical knowledge would double every 73 days by 2020.%3 Since
then, Al-assisted research has begun to shorten the path from discovery to candidate therapy
across new modalities and precision medicine, adding to the volume of evidence the systems
governing care and payment have to keep pace with.

Requirements shift across state, federal, and industry authorities, and those authorities update
on cycles measured in quarters and years. Commercial guidelines and coding sets move no
faster. Once an application is filed, securing a new Category | CPT code from the AMA can
take 18 to 24 months, and gathering the required evidence can take two to five years before
that.?* Those cycles were built when clinical publications and practice changes arrived in
volumes that periodic updates could absorb. That is no longer the case. The gap is not only
that medicine moves quickly; the rules governing care and payment move slowly, and the
distance between the two keeps widening.

Administrative burden remains substantial. A 2019 JAMA analysis estimated that waste
consumes $760 billion to $935 billion of U.S. healthcare spending each year, roughly 25% of
the total, with administrative complexity alone accounting for $265.6 billion.?®> Much of that
waste is generated when a decision is made without the information that would have made it
correct. In fiscal 2025, CMS estimated that 6.55% of Medicare fee-for-service payments,
$28.83 billion, were paid improperly.?® Costs can compound between the moment an error is
made and the moment it is discovered, adding administrative work to correct the original
decision.

16
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FIGURE 5

Why healthcare's need is acute

The pressure behind the need is intensifying.
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Source: note 24, note 25, note 26.

The cost of getting it wrong is not absorbed statistically. A credit model that is wrong at the
margin produces a portfolio-level cost. A wrong healthcare decision reaches an individual
directly: a patient waiting on care, a clinician acting on incomplete information, a provider
relationship built over years.

Taken together, these conditions produced decision intelligence everywhere else it emerged.
Healthcare is not an exception to the pattern. It is a late arrival to it.

17
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Why Healthcare Arrived Late

Three constraints held healthcare back, and they were real, not incidental.

Data sat fragmented across plans, providers, vendors, and systems, so the context needed for
good decisions was rarely available at the point the decision was made. Even now, the gap
persists: in 2023, only 43% of U.S. hospitals routinely sent, received, found, and integrated
patient information from outside organizations, and just 42% said their clinicians often used
that outside information when treating patients.?” Healthcare policy is interpreted rather than
simply applied, which makes it harder to encode and maintain. And accountability cannot
transfer: regulation requires an identifiable person to own the outcome, and past decisions
must remain traceable to the policy in effect when they were made, not the policy in effect
today.

Those constraints ruled out the approaches that worked in other industries. A system that
decides quickly but cannot explain itself has no application in healthcare.

Why Now

The constraints that delayed healthcare's adoption of decision intelligence
have not disappeared. What changed is that the technology can now
operate inside them, not around them.

Data can be unified without losing lineage. Decisions can be executed in milliseconds without
abandoning governance. Models can be versioned, explained, and audited so that the logic
behind a decision can be reconstructed months later. Outcomes can be captured and returned
to the systems that generated them.

The mechanics of the discipline transfer. Healthcare requires depth in clinical evidence, care
guidelines, regulation, coding, and the policy governing how care is delivered, covered, and
paid, maintained as the evidence changes.

That depth is also the barrier to entry, and general-purpose technology cannot build it quickly.

Healthcare is next because the constraints that delayed it are now addressable.

18
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FIGURE 6

Why healthcare arrived late, and why now

The constraints have not disappeared. The technology can now operate inside
them, not around them.

Then: three constraints Now: inside the constraints

) Data sat fragmented across plans, [ ] Data can be unified without losing
providers, vendors, and systems lineage

Healthcare policy is interpreted rather Decisions can be executed in
than simply applied milliseconds without abandoning
governance

Accountability cannot transfer; past
decisions must remain traceable Models can be versioned, explained,
and audited

Outcomes can be captured and
returned to the systems that
generated them

19



DEFINING HEALTHCARE DECISION INTELLIGENCE 'Lyrlc

Governed Al and the Limits of
Autonomy

The capability question in healthcare is no longer whether Al can act. It is
what Al should be permitted to act on.

Regulated industries have a clean answer, but the broader market is still looking for it. Full
autonomy, a system that decides and executes without a person in the loop, is not the
destination for healthcare decision intelligence. It is the wrong objective, and it will remain the
wrong objective regardless of how capable the underlying models become.

This is not a statement about what the technology can do. It is a statement about what the
environment permits.

Accountability does not transfer to a model. In regulated healthcare decisions, responsibility
remains with the organization and, where circumstances permit, with a licensed professional
charged with reviewing or making the decision. In Medicare Advantage, federal rules require a
licensed physician or other appropriate healthcare professional to review any adverse medical
necessity decision before it is issued.?® In February 2024, CMS told plans that an algorithm
may assist a coverage determination but cannot replace an assessment of the individual
patient’s circumstances, and that a predictive algorithm cannot be the sole basis for ending
post-acute care.?? California went further: since January 2025, state law has required that a
licensed physician or qualified healthcare provider decide any denial or modification of care
based on medical necessity.3° The same principle holds at the point of care. A clinician who
acts on a recommendation from decision support generally remains responsible for the
treatment decision, and that responsibility does not pass to the system that produced the
recommendation. A model cannot hold that responsibility, be examined under it, or answer for
it. Any architecture that removes the person also removes the responsible party, which is not a
trade a regulated organization can make.

Traceability is a core design principle, not a feature. A decision must be capable of
reconstruction months or years later, against the policy, data, and logic in effect when it was
made. That traceable line, from a recommendation back to the policy, the data, and the
reasoning that produced it, is the decision’s lineage. It has to travel with the recommendation
rather than sit in a document somewhere. Systems that cannot reproduce their own reasoning
at a specific point in time fall short of that standard no matter how accurate they are in
aggregate.

20
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Insurance regulators are writing that expectation down. The NAIC's model bulletin on insurers’
use of Al, adopted by 25 jurisdictions, including 24 states and the District of Columbia, as of
April 1, 2026, asks insurers to maintain written governance of their Al systems, test and
document them, weigh how far people are involved in the final decision, and be ready to
produce that documentation for examiners. 3! Medicare Advantage organizations must already
retain books, records, and other evidence for 10 years.3?

Trust is the constraint that binds first. A decision that cannot be explained to the patient or
provider on the other end, or to a regulator asking why, creates more friction than the decision
saved. In an environment already carrying real mistrust among health plans, providers, and
patients, an unexplainable system deepens the problem it was meant to solve.

The same line is being drawn outside the United States. The EU Al Act classifies Al used for
risk assessment and pricing in life and health insurance as high-risk and requires such
systems to be built so a person can “disregard, override or reverse the output.”®?

The Distinction That Actually
Matters

Ruling out full autonomy is not the same as ruling out automation. A system
should not decide and execute without a person in the loop, but it can and
should automate much of the work around the decision. Conflating the two
leaves much of the available value unrealized.

Automation and determination are different things.

The difference matters because probabilistic machine-learning models introduce a kind of
error that deterministic rule-based automation does not. That error is tolerable in work and
intolerable in a determination.

Retrieval, assembly, extraction, routing, prioritization, and
documentation are work. Decisions about a patient'’s care,
coverage, or payment are determinations. The first should be
automated aggressively. The second should not be automated
atall.

21
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FIGURE 7

Automation and determination are different
things

Retrieval Assembly Extraction Routing
Work

Prioritization Documentation

Where agentic capability belongs. Machine learning selects, routes, and prioritizes.

Decisions about a patient's care, coverage, or payment. The decision logic is deterministic,
and a person makes the final determination.

Most of the effort around a healthcare decision is not the decision itself. It is finding the
relevant information across systems, assembling the supporting evidence, confirming which
policy or guideline applies, identifying what needs attention, and preparing it for someone to
act on. That work is high-volume, largely mechanical, and consumes most of the expert's
time.

This is where agentic capability belongs, and where it creates substantial value. A system that
can independently gather what the decision-maker needs, assemble it in context, and surface
the cases that merit judgment is doing exactly what it should. It expands the surface of work
that can be automated without expanding the surface of decisions that can be delegated.

The distinction shows up concretely in how Al is used in mature systems today, and it is more
specific than most descriptions of the category suggest.

22
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Al helps build and maintain the decision logic. The decision
logic itself is deterministic. Machine learning selects, routes,
and prioritizes. It does not alter the determination.

In practice, Al categorizes the government and industry sources a rule draws on, tracks
changes to those sources over time, augments them with the organization’s own data, and
drafts candidate logic through a sequence of steps in which experts confirm accuracy at each
one. The resulting rule is tested thoroughly before deployment, so its behavior is known
before it touches a live decision. This speed and coverage would not be possible without Al.
The traceability is what makes it deployable. The same discipline applies when the system
learns from its own outcomes: learning can directly improve how cases are selected, routed,
and prioritized. If Al proposes changing the logic that determines an outcome, experts review,
test, and version before it reaches a live decision.

That is a meaningful architectural distinction, not a semantic one. A model that helps an expert
construct and maintain a rule against changing policy is operating where its strengths apply
and where its work can be reviewed before deployment. When a source changes, because a
regulator or a specialty society publishes new guidance, that change must propagate through
every rule that depends on it, while preserving the prior version so earlier decisions can still
be reconstructed. A model that decides which cases warrant review makes a routing decision,
consequential but not determinative. The same holds for the work around a complex review. A
model can select which cases warrant expert attention, summarize the record, and pinpoint
where two sources disagree, for example where a chart and a claim imply different diagnosis
groupings. The reviewer still decides whether the grouping is wrong. The model has
shortened the path to that judgment, not taken it. The same pattern applies in clinical and
operational work. A model that flags a possible gap in documentation, or a patient who may be
due for an intervention, surfaces a case for a clinician to consider, and the clinician decides
what the record shows and what the patient needs. In none of these cases is the model
deciding the outcome. Systems that blur these three into a single assertion about Al-driven
decisions are describing something the regulatory environment does not permit and the
operating model does not require.
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What Qualifies as Healthcare
Decision Intelligence

No universal working definition of healthcare decision intelligence exists.
The term is being applied across a variety of conditions and capabilities.
The standard includes three conditions that separate healthcare decision
intelligence from the capabilities it is most often confused with: expertise
built into the software; intelligence traceable at decision speed; and applied
human judgment. Without all three, the system fails.

FIGURE 8

What qualifies as healthcare decision
intelligence

The standard includes three conditions.

Expertise built
into the software

Platform capabilities,
policy, data, deterministic
rules, Al, workflow
intelligence, and domain
expertise operate as one
governed system.

Intelligence
traceable at
decision speed

Every recommendation
traces to the policy, the
data, and the logic behind
it, at the version in effect
when the decision was
made.
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Expertise Built into the Software

Platform capabilities, policy, data, deterministic rules, Al, workflow
intelligence, and domain expertise operate as one governed system rather
than separate tools connected after the fact.

Operating as one system also means operating on one body of data. The deterministic logic,
the Al that supports it, and the evidence assembled for the decision-maker must draw on the
same data, so that a recommendation and its lineage describe the same facts. A system
whose rules run on one data set while its models run on another may still produce a correct
answer, but it cannot show that the answer and its explanation came from the same place.

Where precision is required, Al grounds policy and regulatory inputs in deterministic,
explainable results. Where precision is not required, it surfaces next-best actions and
summarizes complex information. That division reflects the practical form of the distinction
drawn above: the model does the work that benefits from breadth, and the logic that
determines an outcome remains deterministic and reviewable.

The technology must encode clinical evidence, care guidelines, coding conventions, and the
policy governing coverage and payment, and maintain them as the underlying evidence
changes. A general-purpose model applied to a healthcare problem does not meet this
condition, regardless of model capability, because a recommendation is only as good as the
policy knowledge behind it and that knowledge changes constantly.

Intelligence Traceable at Decision Speed

The recommendation returns inside the live workflow, at production volume,
when the decision is required, in real time where the workflow demands it. If
intelligence arrives after the decision, that is reporting and recovery, not
decision intelligence. The system must sustain that volume and latency
under production conditions, not only in a controlled test; how it does so is
an implementation choice, not a condition of the category.

Define criteria once and apply them consistently wherever they are read. A system that
produces different answers to the same question depending on which workflow asked it is not
operating from a single source of truth.

Every recommendation traces to the policy, the data, and the logic behind it, at the version in
effect when the decision was made. Reconstruction must be possible months or years later,
against the state of the world at the time rather than the state of the world today.

26
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Accuracy without traceability does not qualify. In a regulated environment, a correct answer
that cannot be explained carries most of the risk of a wrong one.

Applied Human Judgment

The organization operating the system configures rules, thresholds, and
decision constraints; they are not fixed by the party supplying it. Changes
are testable before deployment, so impact is understood before logic goes
live.

Even when operations are automated, a person stays in the loop through the workflow, and
the final determination always comes from a person.

That must be built in, not applied afterward. Human oversight positioned as a review step at
the end of an automated process is oversight in name. By the time the case reaches a person,
the logic has already run, the framing is already set, and the reviewer is approving rather than
deciding. Governed by design means experts build and maintain the logic the system applies,
cases requiring judgment arrive with the evidence and rationale assembled, and the rationale
is available to the people affected by the decision, not only to the people making it.

A system that makes the determination itself is not a more advanced form of decision
intelligence. It is operating outside the category.

Governance does not limit how capable a healthcare decision
system can become. It is the prerequisite that allows a capable
system to be deployed at all.

What the Standard Excludes

Applied honestly, this standard excludes much of what is currently
described as decision intelligence.

Reporting and dashboards fail on timing when they are offered as the decision mechanism.
Measuring outcomes is not excluded; it is the feedback loop the discipline depends on, and
what a dashboard measures should return to the logic that made the decision. What fails the
standard is analytics presented as the decision itself. Predictive models that score a
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population without acting inside a workflow fail on the same condition. Automation that
executes rules quickly but cannot identify which policy version fired fails on traceability.
General-purpose Al applied to healthcare problems without encoded domain expertise fails on
expertise. And fully autonomous determination fails the human judgment condition by design,
not by shortfall.

FIGURE 9

What the standard excludes

OFFERED AS DECISION INTELLIGENCE FAILS ON
Reporting and dashboards offered as the decision mechanism Timing

Predictive models that score a population without acting Timing
inside a workflow

Automation that executes rules quickly but cannot identify Traceability
which policy version fired

General-purpose Al applied to healthcare problems without Expertise
encoded domain expertise

Fully autonomous determination Human judgment, by design

This is a demanding standard, and it is meant to be. The point of defining a category is to
make it possible to tell whether something belongs in it.

Where the Category Proves Out First

A standard is useful only if you can measure something against it. Within
healthcare, payment accuracy is where that measurement is currently
possible, for the same reasons credit and fraud moved first within financial
services. It is the first proving ground, not the boundary of the category.

Claims carry standardized data. Reimbursement policy is substantially codified. Decisions
occur at very high volume. Outcomes are measurable at the claim and line level. Intervention
can occur inside adjudication, while the decision is still open.
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Payment accuracy is therefore the clearest available view of how far healthcare decision
intelligence has developed. Some of its functions meet this standard today. Others are
approaching it. Several are further away than the market's language about Al in healthcare
would suggest, and the gap between the two is the most useful thing a health plan can
understand about its own operation.

The companion paper, The State of Healthcare Decision Intelligence in Payment Accuracy,
applies this standard function by function across editing, data mining, coordination of
benefits, record review, fraud, and subrogation.

The same conditions are forming across the rest of healthcare. Utilization management, care
management, clinical documentation, and provider revenue cycle each involve high-volume,
policy-governed decisions with measurable outcomes, and each will be held to the same
standard as its data and policy mature.

Organizations that treat governance as a constraint to be minimized move slowly, because
every expansion of scope reopens questions that were never settled. Organizations that
embed it move faster, because the boundaries are established and the expansion does not
require relitigating them. The second group will define the category.
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