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Chapter 12 of "Healthcare Analytics and AI: Building Systems That Actually Work"
The essentials: where operational AI pays off, and why the hard problems are ethical, not algorithmic.

One-sentence thesis. The highest-ROI AI in healthcare often never touches a patient directly; it keeps the
system from gridlocking, and once the forecast is accurate the decisive question is not “how good is the
prediction?” but “what does the organization do with it?”

PART 1: An Operations Crisis, Not a Medical One

Why the System Gridlocks
Start with a Tuesday afternoon, not an equation. At
2:47 p.m. a 420-bed hospital went on ambulance
diversion. The ED held 38 admitted patients with
no inpatient beds, three surgeries were cancelled for
lack of ICU beds, and the estimated lost revenue was
$160,000. Every patient who needed care got it, and
no safety event occurred. This was an operations
crisis, not a medical one, and it recurs every flu sea-
son, every Monday, and every time census crosses 95
percent.

� ANALOGY

A highway at 95 percent capacity. Nothing is bro-
ken and every car works, but one merge triggers
a jam that ripples for hours.

That is the domain of operational AI: not sepsis pre-
diction, not NLP, not agentic prior auth, but optimiza-
tion, moving patients, staff, equipment, and supplies
through a constrained system. It is less dramatic than
saving a life and more immediately measurable than
reducing bias, which is exactly why the CFO funds it
first.

Two facts set the ceiling. Boarding is fundamentally
a capacity problem, so AI can soften it by making

discharges more predictable, but no algorithm dis-
solves a hospital that runs sustainably above 95 per-
cent occupancy. And the reason is mathematical, not
clinical: as a queue nears full utilization, delay stops
rising gently and explodes, so past roughly 95 percent
boarding becomes inevitable.

A Prediction Is Worth Nothing Until It Changes a
Decision
There is a discipline hidden inside that easy business
case, and it is the organizing idea of the chapter: a pre-
diction creates value only at the moment it changes
a decision. A forecast of tomorrow’s ED volume that
arrives after the nursing schedule is locked is trivia;
a length-of-stay prediction nobody staffs against is a
dashboard widget. Every deployed system described
here is really a pair, a forecasting model wired to a de-
cision someone controls: how many nurses to sched-
ule, when to release an OR block, which patients get
a discharge huddle, whether to open the surge unit.
It is also why operational AI demonstrates ROI so
much more cleanly than clinical AI, because when
the decision is explicit the counterfactual is measur-
able. Carry the test through the rest of this guide and
the rest of the book: the same standard applies, less
visibly, to every predictive system in it.
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The queueing curve. Delay rises gently up to about 85 percent occupancy, then explodes; above 95 percent, boarding is mathematically inevitable and
no algorithm dissolves it.
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PART 2: ED Flow and Prediction

Forecasting Arrival Volume
The operational question is simple: how many pa-
tients will arrive in the next hour, the next shift, the
next day? You do not need to know who walks in,
only roughly how many, the way you staff a restau-
rant from a reservation forecast so the right number
of cooks is on the line. A gradient-boosted tree (XG-
Boost, LightGBM) on hourly counts, fed calendrical
features (hour, day of week, holiday), weather, and
public-health signals (CDC ILINet), forecasts volume
well enough to guide staffing. Deployed systems
(Qventus, LeanTaaS iQueue) publish case studies re-
porting measurable ED flow improvements, reduced
boarding, shorter hold times, fewer excess bed-days,
but the metric and magnitude vary by deployment
and the figures are vendor-reported rather than inde-

pendently audited.

The metric matters as much as the model. Judge the
forecaster on mean absolute error, not accuracy, be-
cause the operational decision (how many nurses to
schedule) is linear in the arrival count: being off by
five patients is twice as costly as being off by 2.5.

MAE =
1
N

N

∑
i=1

∣∣ŷi − yi
∣∣

Individual-patient ED length-of-stay models are far
weaker (R2 of about 0.25 to 0.40), but that is still valu-
able at the margin. Correctly flagging the 15 percent
who will stay longest lets you request an inpatient bed
early, before the bed becomes the binding constraint.
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PART 3: Bed Capacity and Discharge Prediction

Discharge Probability Scoring
The exit is the real bottleneck, so the useful question
is which patients will leave today. A model that com-
putes, for each inpatient at 6 a.m., the probability of
discharge within 24 hours hands the operations team
a prioritized worklist. Features include days since
admission, service, primary diagnosis, presence of a
discharge order, and nursing mobility assessment. It
is a gradient-boosted classifier judged on AUC (0.75
to 0.85) and calibration, because the probability itself,
not just the ranking, drives the case manager’s triage.
The payoff is concrete: a case manager who clears a
stalled prior authorization at 8 a.m. instead of 2 p.m.
recovers six hours of bed availability for a boarded
ED patient.

Watch out. The model predicts whether a patient
will be discharged, not whether they should be. It
learns from historical patterns, so it endorses current
practice, including its bias. If Medicaid patients are

systematically discharged later than clinically similar
commercial patients, the model learns a lower dis-
charge probability for them and can reinforce the very
delay it inherited.

The Discharge Barrier Problem
Many medically-ready patients stay extra days for
reasons that are not clinical at all: an unapproved
skilled-nursing prior auth, no available SNF bed, no
transportation, no home to go to. AI predicts which
discharges will hit which barrier; humans (case man-
agers, social workers) resolve them. The value is in
the timing, like a weather forecast for the discharge
issued at admission instead of the morning of, so the
human intervention has time to work.

The AI’s job is early warning, not resolution. Flag the
barrier probability at admission, not the day before
the planned discharge, and the barrier has a chance
of being cleared before it binds.

Arrivals
(walk-in,

ambulance)
Triage ED bays Boarding

queue

Inpatient
beds

(95% full)
Discharge

bottleneck

Patient flow as a queue. When the inpatient-bed constraint binds, admitted patients board in the ED; the jam forms upstream of the bottleneck, not at
it. Predictable discharges widen the exit.
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PART 4: OR Scheduling and Staffing

Case Duration Feeds the Schedule
The operating room is commonly described as the
financial engine of the hospital and one of its largest
single contributors to total revenue (published esti-
mates of the exact share vary too widely across health
systems to quote a number), so its schedule is where
dollars are won or lost. Block allocation (which ser-
vice gets which room-day) is a constrained integer
programming problem, but its key parameter, ex-
pected case duration, is a machine learning problem.
Optimization is the calendar; ML supplies how long
each appointment really takes so the calendar stops
lying. A total hip arthroplasty averages 90 minutes,
but Surgeon A takes 75 and Surgeon B takes 105, and

both run longer for high-BMI or prior-surgery pa-
tients. Improving case-duration prediction by just 10
to 15 minutes, across 15,000 annual surgeries, recov-
ers thousands of hours of OR time and cuts both idle
time and overtime cost.

Watch out. Nurse staffing is the largest labor cost and
the strongest outcome predictor after case mix, and
staffing models need acuity, not just census (Braden,
Morse, ventilator status, isolation). The asymmetry is
the whole point: understaffing consequences are clin-
ical (falls, errors, failure-to-rescue), while overstaffing
consequences are only financial, which is why hos-
pitals staff to a safety target and absorb some over-
staffing.
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PART 5: No-Show Prediction and the Ethics of the Response

Accurate Prediction, Two Opposite Interventions
No-show rates run substantially higher in safety-net
systems than in general outpatient practice: a 2025
study of a safety-net specialty clinic (Husman et al.,
Laryngoscope) found 18.4 percent of appointments
missed, with nearly 30 percent of patients missing
at least one visit. Each miss is a missed intervention
(the skipped diabetes follow-up returns as an ED visit
for ketoacidosis). No-show models use lead time,
historical no-show rate, weather, distance, and trans-
portation access, and can reach an AUC around 0.85.
The uncomfortable part is that the prediction is accu-
rate: low-income patients in transit deserts genuinely
miss more appointments.

What determines harm or benefit is the response, not
the model. A high no-show probability that triggers a
free rideshare voucher reduces disparities; the same
probability used to double-book the slot with a com-
mercially insured patient amplifies them. The algo-
rithm predicts; the organization’s response sets the
ethical valence.

Watch out. The fix for a harmful use is never to
degrade the model’s accuracy, it is to change the in-
tervention the prediction triggers.

Stakeholders and Supply Chain
Each stakeholder sees a different tool. The CFO sees
the clearest business case and is least likely to de-
mand a fairness review. Clinicians value reduced
chaos but will silently ignore any tool that overrides
their judgment on the individual patient in front of
them, because they hold the license and the liability.
Patients feel a well-run hospital as invisibly better
and a poorly-run-but-AI-optimized one as being pro-

cessed.

È CLINICAL RELEVANCE

Supply-chain AI forecasts consumption and re-
order points, but it must encode clinical substi-
tutability. Running out of gloves is an inconve-
nience; running out of a specific cardiac stent
mid-angioplasty is a sentinel event.

Watch out. A model can be technically accurate,
operationally valuable, and ethically problematic at
the same time. An operational tool that ignores the
clinician’s veto will produce correct predictions that
everyone ignores.

Should You Build This?
Build it when the forecast attaches to a decision some-
one actually controls and arrives with enough lead
time to change it: how many nurses to schedule, when
to release an OR block, which patients get a discharge
huddle. Think twice when the prediction lands after
the schedule locks, in which case you have built a
dashboard widget, or when the intervention it trig-
gers is punitive rather than supportive, a no-show
model used to double-book an already-full clinic, a
discharge score arguing a patient should have left
yesterday. Watch too for objective conflict: when ag-
gregate efficiency collides with the judgment of the
clinician holding the license, the clinician prevails
and the tool goes unused. Who bears the risk: the
CFO funds the build and books the savings, the pa-
tient absorbs the downside of whatever intervention
the prediction triggers and holds no formal veto, and
the clinician’s veto is silent non-adoption. Build the
intervention, not just the model.

High no-show
probability
(AUC 0.85)

Free rideshare
voucher

Double-book
the slot

reduces
disparity

amplifies
disparity

Same prediction, opposite ethics. One accurate no-show score can trigger a ride voucher that narrows disparities or an overbooking that widens them;
the organization’s response, not the model, sets the valence.
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Feature Predictive signal Equity risk if used punitively

Transportation access Strong Flags low-income; overbooking widens the
gap

Historical no-show rate Strong Self-reinforcing label feedback loop

Lead time to
appointment

Moderate Minimal

Distance to clinic Moderate Geographic-disadvantage proxy

Weather forecast Weak to moderate Minimal

Quick Self-Test

1. Why is mean absolute error, not accuracy, the right metric for an ED arrival-volume forecaster?
2. A discharge model gives a Medicaid patient a low discharge probability. Give the innocent explanation

and the troubling one, and say how you would tell them apart.
3. Why does OR block allocation need both integer programming and machine learning, and which supplies

which piece?
4. A no-show model with AUC 0.85 is deployed two different ways that produce opposite equity outcomes.

Describe both and state what actually differs between them.
5. In one sentence, why will an operationally optimal tool that conflicts with clinical judgment fail in

practice?

If You Remember One Thing

Operational AI is where healthcare AI most clearly pays for itself, because the ROI has a dollar figure attached.
But the forecast is the easy part. Every one of these systems (bed flow, discharge, no-show, staffing) reaches a
fork where the same accurate prediction can reduce a disparity or amplify it, and the model does not decide
which. The organization’s response to the prediction matters more than the quality of the prediction.

Richard J. Young, Ph.D. · richard@deepneuro.ai · Senior AI Research Scientist, UnitedHealth Group · UNLV Lee Business
School · ORCID 0000-0002-1109-7552
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