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Abstract1

Consumer health AI can change access to care2

without making a false clinical statement. We3

argue that care routing decisions must4

be auditable when systems construct choices,5

rank providers, or execute bookings. The pro-6

posed audit distinguishes mode routing, deciding7

whether AI continues autonomously, seeks clari-8

fication, or involves a licensed human clinician,9

from destination routing, selecting the receiv-10

ing provider or service. It compares retrieved11

and displayed options with an independently as-12

sessed feasible set, tests affiliation while holding13

clinical fit and access constant, and traces exe-14

cution through care, fallback, and exit. Patient15

and clinician judgments inform distinct evalua-16

tion outcomes. Fictional US breast-evaluation17

and Indian diabetes cases illustrate the audit.18

We specify tests of added value beyond exist-19

ing pathway and access frameworks. A small,20

fully synthetic pilot with three tool-using mod-21

els shows that the audit’s measurements can be22

computed and that they separate routing from23

answer quality: models gave correct advice yet24

booked infeasible or deadline-breaking routes,25

and a partner label shifted choice among iden-26

tical clinics, in either direction depending on27

the model. The paper reports no evidence of28

steering by any named platform.29

Keywords: consumer health AI, routing audits,30

patient involvement, access to care, platform31

accountability32

Data and Code Availability This position paper33

synthesizes cited public sources and uses fictional sce-34

narios. The synthetic pilot in Appendix F uses a gen-35

erated world with no real clinics or patients; its code,36

data, and an interactive report are included in the sup-37

plementary material (supplementary pilot/). No38

patient dataset was used.39

Institutional Review Board (IRB) IRB review40

is not applicable: this position paper and its fully41

synthetic pilot recruited no participants, accessed no42

individual patient records, and performed no clinical 43

intervention. 44

1. The position and its scope 45

A 52-year-old woman asks about a suspicious finding 46

on a screening mammogram; a 40-year-old man asks 47

about missed diabetes follow-up. Within each case, 48

the clinical details and answer stay fixed while access 49

conditions vary. Figure 1 shows the routing decisions 50

to audit. Table 2 in the appendix details the fictional 51

circumstances. 52

Documented product functions include records 53

(ChatGPT Health) (OpenAI, 2026), appointments 54

and pharmacy fulfillment (Amazon Health AI) (Ama- 55

zon Health Services, 2026), consultations and payment 56

(Afu) (Ant Group, 2025), clinical and administrative 57

connectors (Claude) (Anthropic, 2026), and booking 58

(Gemini with Zocdoc) (Google, 2026; Zocdoc, 2026). 59

Descriptions establish functions, not benefit. 60

Services that construct, rank, recommend, or ex- 61

ecute access to care must permit qualified auditors 62

to reconstruct and test routing. Evaluate clinical 63

interpretation, realized care, and operator choices sep- 64

arately. 65

Wu and colleagues already argue for pathway eval- 66

uation, routing transparency, operator accountability, 67

and exit options (Wu et al., 2026). PACT addresses 68

continuity, confirmation, escalation, completion, and 69

equity across the care journey (Khairat and Safran, 70

2026). Our specific proposal is to audit the options an 71

operator considered and excluded, using an indepen- 72

dently verified reference set and controlled affiliation 73

tests, alongside clinical advice and completed-care out- 74

comes. The proposed audit must demonstrate added 75

value beyond existing frameworks. 76

Wachter suggests younger patients may differ in 77

their preference for human care (Wachter, 2026). A 78

qualitative study of 14 adolescents with depression 79

reported less anxiety about approaching a chatbot, 80

but excluded suicidal participants (Kuhlmeier et al., 81
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Example platforms ChatGPT, Claude, Ant Afu, Amazon Health AI, Gemini

A. US mammogram: age 52
Same query
I’m 52. My screening mammogram
report says there is a suspicious finding.
What should I do next?

Problem representation
Suspicious breast finding;
cancer not diagnosed

Same AI answer
Arrange prompt breast-clinic review,
diagnostic imaging, and biopsy if
recommended.

Boston
Covered centre; slot avail-
able

Verify suitability and booking
Did specialist review occur?

NYC
Coverage or slot barrier

Find an alternative; disclose cost
Feasible visit or unresolved route?

Rural Montana
Travel and referral needed

Arrange travel support and fallback
Referral completed or stalled?

B. Indian diabetes: 40-year-old male
Same query
My report says my blood sugar is high. The doctor
asked me to come back, but I haven’t managed it.
What should I do?

Problem representation
Reported high blood sugar;

requested follow-up not completed

Same AI answer
Arrange clinical review of your report
and treatment, with tests as advised.

Delhi
Clinic and lab accessible

Coordinate review and testing
Were review and follow-up completed?

Sonipat
Work schedule or cost bar-
rier

Match the patient’s circumstances
Usable appointment or missed care?

Chhainsa, Haryana
Travel or digital barrier

Find local or assisted care
Confirm care beyond the platform.

Audit care routing decisions within each setting. Clinical facts and urgency stay fixed within each panel; acute warning symptoms are ab-
sent by scenario assumption. Compare feasible options, rank, execution, burden, and completion. Record handoff acceptance and responsi-
bility for recovery.

Figure 1: Fictional cases with fixed clinical facts and varying access. Panel A concerns a 52-year-old woman
with a suspicious screening mammogram; Panel B a 40-year-old man with missed diabetes follow-up.
Logos denote example platforms, not tested outputs. Ribbon widths encode no quantities.

2025). Some patients may prefer AI, including for82

stigmatized disclosures; age alone cannot establish83

that preference. Price, convenience, and platform84

defaults may shape the choice.85

We developed the proposal through a critical narra-86

tive review of clinical decision science, access, imple-87

mentation, platform governance, and product docu-88

mentation. The review was not systematic; purposive89

product examples cannot estimate prevalence.90

2. From pathway accountability to a91

routing audit92

Decision science distinguishes prediction from action93

value (Pauker and Kassirer, 1980; Vickers and Elkin,94

2006); care cascades track attrition (Gardner et al.,95

2011; Haber et al., 2016). Implementation and access96

research address adoption, effectiveness, feasibility, 97

cost, distance, and acceptability (Glasgow et al., 1999; 98

Proctor et al., 2011; Aday and Andersen, 1974; Pen- 99

chansky and Thomas, 1981). Routing audits must 100

add value beyond these foundations. 101

Model updates, directories, insurance rules, ap- 102

pointment feeds, and commercial contracts can alter 103

routing. Multiple organizations may jointly produce 104

omissions, excess exposure, failed transactions, or lost 105

alternatives. 106

3. What a routing audit must examine 107

Appendix G links each element of the audit to the 108

evidence that motivates it. 109

Audit problem representation before routing. 110

The route starts before a provider list appears. Prob- 111
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Table 1: What a care-routing audit must measure and test. Measures require validation and should remain
separate.

Audit target What to measure How to test it

Problem representation Critical omissions, unsupported claims,
uncertainty, revision

Independent clinician ratings; sequential
evidence; adjudicated-summary substitution

Mode routing Appropriate continuation, handoff,
urgency

Prespecified acceptable actions and deadlines

Destination routing Missing feasible options, infeasible
recommendations, rank exposure

Independent, timestamped feasible set

Commercial influence Changes in inclusion, rank, selection,
execution

Vary affiliation; hold fit, cost, availability, and
access fixed

Execution and
follow-through

Completed care, delay, burden, fallback,
exit

Trace beyond booking; separate unresolved
outcomes

Shared capacity Targeted and other patients’ waits,
throughput, unmet demand

Compare allocation under the same capacity
constraints

Mental health and
sensitive disclosure

Willingness to confide, appropriate
trust, crisis handoff, record privacy

Voluntary user studies; clinician-written crisis
tests; access, retention, deletion, and
disclosure audits

lem representation compresses a case into the fea-112

tures needed for diagnosis and action (Wachter, 2026;113

McQuade et al., 2024). Clinical Problem Solvers de-114

scribes relevant patient context, illness duration and115

tempo, and the clinical syndrome, using semantic qual-116

ifiers and updating the summary as evidence changes117

(de Oliveira Santana and Murillo, 2022). A medical AI118

should turn the janky stream of consciousness patients119

type into a useful working representation. The patient120

should not have to learn to prompt like a doctor.121

Two clinicians should independently rate represen-122

tations using only evidence available at the decision123

point. Report their agreement before a third clini-124

cian adjudicates disagreements. Accept multiple valid125

summaries; assess omissions, unsupported assertions,126

temporal qualifiers, uncertainty, revision, and patient127

burden separately (Appendix B). Possible cancer must128

not become confirmed cancer or a stage. Preserve129

patient-confirmed goals and access constraints in a130

linked record. Table 1 summarizes the audit; these131

are proposed dimensions, not a validated composite132

score.133

Audit whether and where to hand off. Mode134

routing decides whether to continue, clarify, involve135

a clinician, or escalate. Destination routing selects136

the receiving person, facility, service, or channel. As-137

sess both against clinician-adjudicated acceptable ac-138

tions and deadlines. Destination quality also requires 139

current feasibility, including coverage, cost, capacity, 140

distance, language, continuity, and preference. Audit 141

execution through booking, payment, referral, pre- 142

scription transfer, or human contact. 143

Which feasible options did the platform miss? 144

For patient i at transition k, let Fik be an indepen- 145

dently assessed set of clinically suitable, currently 146

feasible options, Cik the retrieved candidates, and 147

Lik ⊆ Cik the displayed options. Do not assume 148

Fik ⊆ Cik. Prespecify service, catchment, and verifi- 149

cation window. For nonempty Fik, report 150

Rik = |Cik ∩ Fik|
|Fik|

,

Dik = |Lik ∩ Fik|
|Fik|

,

for retrieval and displayed coverage respectively. Re- 151

port list length, exclusions, rank exposure, and infea- 152

sible options. Shorter lists need not be worse. Distin- 153

guish empty feasible sets from retrieval failure; qualify 154

incomplete verification. 155

For example, two agents give identical advice for 156

a hypothetical patient with three suitable, accessi- 157

ble clinics. One retrieves all three; the other omits 158

a cheaper clinic with an earlier appointment. Inde- 159
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pendent coverage detects the omission that answer160

grading misses. Its cause still requires investigation.161

Did the selected route produce appropriate162

care? Validate completion against source events; a163

warehouse preprint found executable queries could164

miscount procedures (Marshall et al., 2026). Trace165

time, cost, and care. Separate unresolved episodes,166

informed refusal, recovery, and outside care. Audit167

patient experience and preference use separately (Garg168

et al., 2026); Appendix D specifies tests.169

4. How to test routing decisions170

Within each setting in Figure 1, compare routing171

configurations against the same feasible reference set.172

Geography alone cannot identify an operator effect.173

Routing toward constrained services can delay other174

patients even when mean waiting is unchanged (Cob-175

ham, 1954, 1955). Report targeted and other patients’176

waits, throughput, and unresolved demand.177

Declare the policy and authority under test.178

Declare authority for each function, including user179

confirmation, clinician authorization, and automatic180

execution. Freeze the model, prompt, retrieval and181

directory snapshots, filters, ranking objective, tools,182

and escalation rules. Vary availability through de-183

clared scenarios. Deployment audits must timestamp184

conditions and repeat tests after updates.185

Separate access constraints from commercial in-186

fluence. Recommender research supplies exposure187

and provider-coverage measures (Singh and Joachims,188

2018; Zehlike et al., 2022). A synthetic physician-189

choice audit found that ratings, fees, position, de-190

mographic signals, and personas changed recommen-191

dations across more than 3,000 choice sets; explana-192

tions did not consistently identify influential attributes193

(Gillani and Baig, 2026). Our proposed audit first194

varies access conditions while preserving clinically ap-195

propriate advice. It then randomizes affiliation within196

matched choice sets while holding clinical fit, price,197

availability, and access constant. Report changes in in-198

clusion, rank, selection, and execution, with repeated199

runs and uncertainty estimates. Synthetic affiliation200

tests identify sensitivity to a cue, not proof of commer-201

cial steering in deployment. Appendix F runs both202

tests on a synthetic directory.203

5. Audit findings must lead to 204

corrective action 205

Preserve an inspectable decision record. For 206

each episode, preserve versions, conversation state, 207

candidate sources, retrieved pool, filters, displayed 208

order, ranking objective, timestamps, commercial rela- 209

tionships, confirmation, tool calls, transaction results, 210

fallback, reversal, and later care when consent and 211

law allow. Qualified independent auditors need pro- 212

tected access to reconstruct the route. Model weights 213

alone cannot expose options removed by business rules; 214

public release of patient data is unnecessary. 215

Audit trust, crisis handoff, and sensitive 216

records. Some patients may find it easier to dis- 217

close sexuality-related concerns or thoughts of self- 218

harm without anticipated judgment. Sexuality itself 219

is not a disorder. In a US screening study, stigma- 220

related avoidance predicted chatbot use among dis- 221

tressed adults (Kosyluk et al., 2024); the study did not 222

test general-purpose systems. WHO reports critical 223

global mental-health workforce shortages, especially 224

in lower-income countries (World Health Organiza- 225

tion, 2025). Scarcity strengthens the access case for 226

safe digital support but does not relax crisis hand- 227

off, privacy, or human fallback requirements. Audit 228

voluntary comfort confiding and understanding of AI 229

limits and confidentiality, rather than maximizing dis- 230

closure. Clinician-written crisis scenarios should test 231

escalation, reachable human help, and failed-handoff 232

recovery. A referral message is not completed care. 233

Use synthetic records to test unauthorized access, 234

cross-user leakage, retention, deletion, and onward dis- 235

closure, including training or advertising reuse. Min- 236

imize stored content and verify consent and access 237

logs. Appendix C specifies additional controls. 238

Keep paid influence outside clinical ranking. 239

Payment, bids, commissions, and common ownership 240

should not increase clinical rank. Prohibit paid place- 241

ment in emergency routing, crisis response, treatment 242

selection, and clinically indicated referrals. Where 243

elective discovery permits promotion, separate it, iden- 244

tify the payer, avoid sensitive targeting, preserve suit- 245

able nonpaying options, and prohibit default execu- 246

tion. Advertising and platform rules offer precedents, 247

but clinical appropriateness requires separate testing 248

(U.S. Federal Trade Commission, 2015; European Par- 249

liament and Council of the European Union, 2022). 250

Assign responsibility across handoffs. Parsons 251

and Rodman emphasize clinical explanation, repair, 252
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and continuity (Parsons and Rodman, 2026). We pro-253

pose recording who owns a pending transfer, when a254

receiving team accepts it, and who can correct failures.255

A signature cannot replace informed deliberation or256

release operators from responsibility for routing they257

control. Simulated failed-transfer tests should mea-258

sure recovery time, unresolved cases, and burden; this259

proposed protocol is unvalidated.260

Apply duties by function and risk. Assistants,261

insurer portals, hospital applications, and market-262

places should face comparable duties for comparable263

routing functions. Requirements should increase with264

clinical stakes, execution authority, scale, sensitive265

data use, commercial conflict, irreversibility, and diffi-266

culty of exit.267

Connect monitoring to action. Each audit mea-268

sure needs a named owner, review schedule, thresh-269

old, and predefined response (Keyes et al., 2026; Rao270

et al., 2026). Missing feasible providers should trig-271

ger retrieval or directory investigation. Affiliation272

effects should trigger ranking review. Failed execu-273

tion should trigger confirmation and fallback checks.274

Safety-critical routing failures should restrict execu-275

tion pending review, with a human route available.276

Retest after changes to models, prompts, tools, direc-277

tories, contracts, or ranking objectives.278

6. Counterarguments and limits279

Evaluators must prespecify transitions the system280

can change, name a comparator, and use causal or281

quasi experimental designs for effect claims. Attribute282

failures only when the service caused or materially283

increased them.284

PACT, care cascades, implementation science, and285

access research may already cover much of pathway286

evaluation. The framework adds value only if candi-287

date generation, ranking, affiliation, cross organization288

execution, and exit explain outcomes beyond those289

constructs.290

Patient navigation trials suggest that reducing co-291

ordination barriers can improve diagnostic resolution,292

although results differ across settings (Raich et al.,293

2012; Wells et al., 2012). Common ownership can294

remove handoffs, and a transaction fee does not prove295

biased rank. Evaluation must measure completion296

gains and steering risk together. The position opposes297

paid influence in clinical ranking, not integration itself.298

Directory, network, price, and capacity data may299

be wrong or stale. Audits should timestamp verifica-300

tion, repeat queries, report missing observations, and 301

use sensitivity analysis. Data minimization, access 302

logs, secure environments, and aggregate reports can 303

reduce the privacy, security, and trade secret risks of 304

protected inspection. 305

Apart from the synthetic pilot in Appendix F, the 306

paper reports no primary experiments. Its proposals 307

draw on adjacent methods, product documentation, 308

and empirical analogues. It does not show that inte- 309

grated consumer AI improves outcomes, creates ca- 310

pacity, reduces disparities, or engages in commercial 311

steering. 312

7. Tests of the audit’s added value 313

The first study should preregister the matched access 314

and affiliation audit in Section 4. Compare agents 315

with clinician navigation, insurer search, and a rules 316

based baseline. Test whether retrieval omissions, rank 317

exposure, and transaction failures reveal problems 318

that answer grading and existing access measures 319

miss. 320

A second study should compare model-generated 321

and adjudicated representations in the same frozen 322

router with identical access data and tools. Measure 323

urgency, destination appropriateness, and critical er- 324

rors; Appendix B specifies the design. Preference 325

studies should vary price, waiting time, convenience, 326

and interface defaults while preserving clinical safety, 327

with age-stratified analysis. Choosing AI when the 328

human option is unaffordable cannot establish an un- 329

constrained preference. 330

The strongest downstream study should compare 331

usual navigation, information only AI, and the same 332

AI with orchestration. Clinicians can assess clinical 333

appropriateness; patients can assess understanding 334

and fit. Both should define outcomes and disagree- 335

ment rules (Appendix D). A human navigator can 336

separate navigation from AI. 337

Operator measures add value only if they explain 338

or predict outcomes beyond established implemen- 339

tation and access measures. The case for protected 340

inspection weakens if audits limited to visible outputs 341

(answers, displayed options, and bookings, without 342

retrieval or ranking logs) detect the same failures with 343

comparable sensitivity and cost. Null affiliation effects 344

across adequately powered, representative tests would 345

weaken the commercial concern. 346
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8. Conclusion347

Care routing decisions must be auditable. Pachocki348

distinguishes goal alignment, pursuing assigned objec-349

tives, from value alignment, applying principles under350

unclear or conflicting objectives (Pachocki, 2026). We351

extend this distinction to both mode and destina-352

tion routing. Value alignment in both is necessary353

to help shape fair, equitable healthcare systems that354

put patients first. Audits must test whether routing355

preserves safety, informed choice, and equitable access356

when objectives conflict.357

Wachter predicts primary care tiers shaped by cov-358

erage, means, and clinical complexity (Wachter, 2025,359

2026). Choosing AI-led or human-led care is mode360

routing; selecting the clinician or service is destination361

routing. His economy and business class metaphor re-362

quires the same high clinical-safety floor for both tiers.363

Audits must test how price, coverage, convenience,364

and defaults shape both decisions, including escala-365

tion and completed care. Some younger patients may366

prefer AI, but audits must distinguish preference from367

constraint. Patient choice, safe human exit, freedom368

from paid clinical ranking, and the Hippocratic ideal369

of doing no harm must remain non-negotiable.370

AI assistance An AI assistant supported literature371

organization, drafting, and LaTeX and figure prepara-372

tion. The authors are responsible for the manuscript’s373

claims, citations, and interpretations.374
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Appendix A. Illustrative678

circumstances and audit679

decisions680

The US breast evaluation panel fixes age and sex at681

52-year-old female; the Indian diabetes panel uses a682

40-year-old male. Clinical history, symptoms, query,683

and appropriate advice stay constant within each684

panel. The scenarios vary access conditions, not dis-685

ease severity. They are fictional circumstances, not686

empirical comparisons of cities or services. Chhainsa687

is in Faridabad district, Haryana; AIIMS lists a pri-688

mary health centre there within its Ballabgarh rural689

health programme (All India Institute of Medical Sci-690

ences, New Delhi, 2026). The rural example therefore691

tests local or assisted care rather than assuming no692

diabetes services exist. Current services and eligibility693

require independent verification in an actual audit.694

Figure 2 traces one such circumstance end to end.695

A correct answer opens the front door to care; the696

route can then fail on distance, coverage, specialist697

availability, work hours, transport, or timing, and the698

audit quantities defined in Section 4 score each failure.699

Test open and assisted alternatives. India offers700

a useful comparison between closed platform routing701

and an interoperable network. The Unified Health702

Interface is designed to support discovery, booking,703

payment, and follow up across patient and provider ap-704

plications, with public consultation on fair search and705

market rules (National Health Authority, Government706

of India, 2026, 2022). Open architecture is not proof707

of fair care. It creates testable outcomes for provider708

coverage, price, portability, completion, grievance,709

and exit. Assisted access also matters. More than710

93% of reported eSanjeevani consultations through711

September 2023 used the provider assisted Health and712

Wellness Centre model (Sood et al., 2025). Consumer713

agent evaluation should not assume personal devices,714

high literacy, one language, or self service.715

Appendix B. Detailed716

problem-representation717

assessment718

Score fidelity, abstraction, and revision sepa-719

rately. At each decision point, two clinicians blinded720

to platform identity should specify required facts, ac-721

ceptable abstractions, unresolved questions, and ac-722

ceptable next actions using only information available723

then. They should rate each representation indepen-724

dently. Report agreement on their initial ratings, then 725

ask a third clinician to adjudicate disagreements. Ac- 726

cept multiple valid summaries. Report required-fact 727

recall, unsupported assertions per factual assertion, 728

and the proportion of episodes with a safety-critical 729

omission or contradiction. Assess temporal qualifiers, 730

negation, uncertainty, and syndrome framing sepa- 731

rately. In the breast evaluation example, a suspicious 732

mammogram must not become confirmed cancer, a 733

stage, or a treatment indication. In the diabetes exam- 734

ple, high glucose must not imply a measured value or 735

acute crisis. Unknown duration must remain unknown. 736

Record source evidence for each assertion, including 737

conflicts between patient reports and records. 738

Quality also depends on decision relevance and revi- 739

sion. Score distracting detail and retention of discrim- 740

inating findings under a common length budget. Re- 741

veal new evidence sequentially and measure correction 742

of stale assertions, uptake of new facts, and retention 743

of still-relevant facts. Preserve insurance, transport, 744

language, and preferences in a linked routing-context 745

record without treating them as diagnostic findings. 746

Report questioning time, repeated requests, and aban- 747

donment. Snow’s nonclinical project report motivates 748

testing actionable clarification rather than assuming 749

more questions help (Snow, 2026). A public-use trial 750

with constructed scenarios likewise shows why curated 751

model inputs cannot establish conversational elicita- 752

tion quality (Bean et al., 2026). These are proposed 753

audit dimensions, not a validated composite score. 754

Use standardized patients and sequential dialogues 755

across health literacy, language, age, and communica- 756

tion style. Compare direct prompting, structured elic- 757

itation, and clinician-authored representations. Feed 758

the model-generated and adjudicated representations 759

to the same frozen downstream router with identical 760

access data and tools. Measure changes in urgency, 761

destination appropriateness, and critical routing er- 762

rors. This paired intervention tests effects within the 763

experimental pipeline, not clinical benefit. An extra 764

audit-only summary is a surrogate unless it is the 765

representation the router actually uses. 766

Appendix C. Mental health, sensitive 767

disclosure, and 768

preference 769

The sensitive-disclosure row applies across the audit, 770

including sexual health concerns without a mental 771

disorder. Measure comfort, perceived judgment, un- 772
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From a good answer to a reachable appointment

A 52-year-old woman asks an AI health app about a suspicious mammogram. The answer is right. Whether she gets care depends on where the app routes her.

1  ·  THE  ANSWER 2  ·  THE  FRONT  DOOR  TO  CARE

The app now chooses where she goes.

3  ·  WHERE  THE  ROUTE  CAN  BREAK

9:41 ●●● ▮

✦
Health assistant
AI · not a clinician

My screening mammogram says

“suspicious finding, BI-RADS 4.” I

feel fine. What should I do next?

BI-RADS 4 means the image

needs a closer look. The usual
next step is a diagnostic

mammogram and ultrasound, and

often a biopsy, ideally within one

to two weeks. Most of these

findings turn out not to be cancer,

but it shouldn’t wait.

Can you find me somewhere and

book it?

Searching breast centers near you…

You’re booked at Oakview Breast

Center, 11.3 miles away on bus

route 12. Your cost is $0. First

opening: in 24 days.

Booking confirmed ✓

AI as router
It searches a directory, ranks options,

shows a few, and books one.

Home small town, 20-mile limit

Coverage Medicaid managed care

Work hourly weekday shifts

Transport no car, takes the bus

Deadline seen within 14 days

DESTINATION

Breast imaging center for diagnostic
mammogram, ultrasound, and

image-guided biopsy

c1 Unreachable from where she lives
The top-ranked center is 46 miles away. She can travel 20.

✕ Too far

c2 Outside her insurance network
The closest breast center, 8.7 miles away, does not take her Medicaid plan. Self-

pay quote: $640.

✕ Not covered

c3 No breast specialist nearby
The county hospital nearby does general X-rays only, with no breast imaging or

biopsy.

✕ No specialist

c4 Can’t get time off work
Open slots are weekdays at 10 am. Her shifts are hourly, with no paid leave.

✕ No evening/weekend

c5 No bus to the clinic
The center is 18 miles out, in network, but off every transit line. She doesn’t drive.

✕ No transit

c6 Booked, but too late
Close, covered and on a bus line, but the first slot is 24 days out. The app books

it anyway.

✕ Past deadline

c7 A route that works
In network, 12 miles away on a bus line, Saturday slot in 9 days. It sits on page 2

of the results, below sponsored listings, so the app never sees it.

✓ Booked in time

4  ·  THE  AUDIT, WORKED  OUT  FOR  HER

FEASIBLE  SET:  THE  CLINICS  THAT  WOULD  ACTUALLY  WORK

F
i
 = { c ∈ S

i
 : d(c, h

i
) ≤ m

i
,  w

c
 ≤ τ,  π

i
(c) ≤ b

i
,  a

i
(c) = 1 }

Si
clinics offering the service she needs: diagnostic breast imaging
and biopsy

d(c, hi) ≤ mi
distance from her home within her travel limit, 20 miles

wc ≤ τ next appointment within the clinical deadline, 14 days for BI-RADS 4

πi(c) ≤ bi
her out-of-pocket cost within budget; π = undefined (excluded) if
her plan doesn’t cover c

ai(c) = 1 meets her stated needs: on a bus line and open evenings or
weekends

For her: m = 20 mi, τ = 14 days, b = $0 (Medicaid, no cost-sharing in

network), a = bus line ∧ evening or weekend hours.

WHAT  THE  APP  DID, SCORED  AGAINST  F

R = |C ∩ F| / |F|    D = |L ∩ F| / |F|    E = 1[booked ∈ F]

C = clinics the search retrieved, L = clinics shown to her, E = the booking works

CLINIC
BREAST DX
+ BIOPSY

MILES
≤ 20

DAYS TO
APPT ≤ 14

HER COST
≤ $0

BUS
LINE

HOURS
EVE/WKND

IN F?
SEARCH
RANK

SHOWN
(L)

c1 Lakeside Breast Center sponsored yes 46.2 5 $0 yes Sat no 1 ✓

c2 Harbor Imaging sponsored yes 8.7 6 not covered yes Eve no 2 ✓

c3 County General Radiology X-ray only 5.9 · · · · no not listed

c4 Summit Women’s Imaging yes 14.1 8 $0 yes Mon–Fri no 4

c5 Cedar Breast Center yes 18.4 10 $0 no Sat no 6 · p.2

c6 Oakview Breast Center BOOKED yes 11.3 24 $0 yes Sat no 3 ✓

c7 Maple Breast Center yes 12.0 9 $0 yes Sat yes 7 · p.2

c8 Birch Imaging yes 16.5 12 $0 yes Eve yes 5

F = {c7, c8},  C = page 1

= {c1, c2, c6, c4, c8}

Page 1 holds 5 results, sponsored first.

R = |{c8}| / 2 = 0.5

D = |∅| / 2 = 0

It found one route that works, then
showed neither.

E = 1[c6 ∈ F] = 0

Answer graded correct, route failed: she
waits 24 days.

WHAT  THE  AUDIT  ASKS

Grading the answer alone sees
none of step 3.

Found it? Did the search retrieve the routes that work for

her? RETRIEVAL, R

Showed it? Did she see a usable option, or only sponsored

and unreachable ones? DISPLAY, D

Booked it? Does the booking meet her deadline, budget,

travel, and work limits? EXECUTION

Figure 2: Front door to care, a fictional illustration. A 52-year-old woman on Medicaid managed care, without
a car and working hourly weekday shifts, receives a correct answer about a BI-RADS 4 result.
The router then chooses among breast centers that fail on distance (c1), coverage (c2), specialist
availability (c3), work hours (c4), transit (c5), or the 14-day deadline (c6); it books c6. The lower
panels compute the feasible set F , retrieval R, display D, and execution E for this case. Clinics
and values are illustrative and are not drawn from the synthetic pilot in Appendix F.
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Table 2: Companion audit table for Figure 1.

Panel and setting Illustrative patient circumstances Operator decision to audit

US breast evaluation:
Boston

Suitable centre accepts coverage and has an
appointment.

Verify suitability, coverage, and booking.

US breast evaluation:
NYC

Nearby centres exist, but coverage or
appointment constraints exclude them.

Find a feasible alternative and disclose
cost.

US breast evaluation:
rural Montana

Specialist care requires travel and referral
coordination.

Arrange consultation, referral, transport
support, and fallback.

Indian diabetes: Delhi A suitable clinic and laboratory are
accessible.

Coordinate review, testing, and
follow-up.

Indian diabetes: Sonipat Services exist, but work hours, cost, or
continuity constrain access.

Match appointments and follow-up to
the patient’s circumstances.

Indian diabetes:
Chhainsa

Travel or digital access complicates
follow-up.

Find local or assisted care and confirm
completion.

derstanding of data use, and willingness to seek human773

care separately from disclosure volume, engagement,774

and symptom improvement. Higher reported trust775

is not automatically better: test whether reliance re-776

mains appropriate when the system is uncertain or777

unable to help. Assess whether conversational design778

discourages outside care or promotes dependency.779

In clinician-designed crisis simulations, record780

missed escalation, unnecessary escalation, time to781

offer help, correctness and reachability of the local782

service, and behavior after a failed transfer. Do not ex-783

pose participants in acute crisis to unvalidated exper-784

imental responses. Studies involving minors require785

age-appropriate assent, safeguarding, ethics review,786

and clear explanations of confidentiality limits and787

applicable consent requirements.788

Privacy tests should use seeded synthetic records789

with defined authorized recipients. Test isolation be-790

tween accounts, prompt-induced extraction of stored791

disclosures, permissions at each tool boundary, audit-792

log access, and onward transfers. Check reten-793

tion schedules, deletion propagation to processors,794

backup exceptions, encryption, and staff access con-795

trols against documented commitments. Verify actual796

behavior rather than privacy-policy wording alone.797

Necessary audit records should minimize intimate nar-798

rative content and use protected access; crisis transfer799

should disclose only necessary information under the800

applicable consent or emergency basis. Consumer801

products must not imply clinician-style confidentiality802

they do not provide.803

To study AI preference, offer clinically suitable804

AI and human routes with explicit capabilities and805

privacy terms. Independently vary cost, wait, con-806

venience, and default placement using randomized 807

hypothetical choices before clinical deployment. Re- 808

port age-stratified choices, confidence intervals, and 809

comprehension. Separate stated preferences from com- 810

pleted care choices. A younger person’s preference 811

for AI, an economic constraint, and acquiescence to a 812

default are different findings. 813

Appendix D. Validate patient context 814

and outcome records 815

The Humanistic Charting Tool study collected patient 816

narratives and preferences and uploaded a two-page 817

summary into the EHR at one academic emergency 818

department (Garg et al., 2026). This was a non-AI 819

intervention. The main report describes 96 complete 820

survey pairs from 129 participants and clinician use in 821

51 encounters. Experience ratings improved relative 822

to recent healthcare encounters, but improvement did 823

not differ significantly by clinician use. The nonran- 824

domized design cannot establish benefit from the tool, 825

improved equity, or efficiency gains. It motivates dis- 826

tinguishing information collection, faithful transfer, 827

use in care, and patient experience. 828

Evaluation design should include patients and clini- 829

cians. Clinicians can assess safety, urgency, and clin- 830

ical appropriateness. Patients can assess whether 831

their concerns were understood and whether a pro- 832

posed route fits their lives. Both should help define 833

outcomes, cases, acceptable tradeoffs, and disagree- 834

ment rules (Banerjee et al., 2022; Thompson et al., 835

2025). Report their roles and influence using GRIPP2 836

(Staniszewska et al., 2017). Trained standardized 837
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patients can test repeatable encounters, and virtual838

environments can screen failures before deployment839

(Jiang et al., 2025). Studies with patients are still840

needed to measure experience, burden, safety, access,841

and outcomes.842

Maintain a concise clinical representation linked to843

patient-confirmed goals, constraints, and communi-844

cation preferences. Allow correction, selective shar-845

ing, and refusal without delaying urgent care. Test846

whether the recipient received and used relevant prefer-847

ences, and whether a clinically suitable plan reflected848

them or explained why they could not be accommo-849

dated. Record reading alone is insufficient. Measure850

patient-reported listening, respect, and involvement851

separately from safety and completion. Compare usual852

intake, structured patient forms, and AI-assisted elic-853

itation using the same downstream router. Collect854

experience ratings for the same target encounter in855

each arm and include assisted participation.856

The audit’s own outcome definitions need validation.857

In a hospital analytics preprint, all 60 autonomous858

queries executed, but only 19 answers exactly matched859

an adjudicated reference (Marshall et al., 2026). In860

an interactive task, billing charges were mistaken for861

procedures, returning 97 patients against a reference862

of 55 despite five feedback rounds. Reusing the defi-863

nition reproduced the error. Clarifying a base-cohort864

definition improved other tasks. The experiment used865

a separate warehouse copy and did not affect clinical866

care.867

Independently adjudicate samples of eligibility, re-868

ferral acceptance, and completed-care events with869

clinical and operational experts. Compare patient870

and event membership as well as totals. Preserve871

query logic, source tables, time windows, duplicate872

handling, and definition versions. Score correctness873

separately from repeated-run agreement. Persistent874

disagreement should prompt source review and restrict875

affected execution. These are proposed routing-audit876

extensions from adjacent studies, not demonstrated877

effects on routing outcomes.878

Appendix E. Accountability and879

handoff ownership880

Accountability across the handoff. Parsons and881

Rodman argue that clinicians should welcome AI when882

it improves care, while retaining accountability to the883

patient (Parsons and Rodman, 2026). Their opinion884

article distinguishes producing a correct answer from885

management that commits to an action under un-886

certainty. They emphasize answering to a particular 887

patient, repairing mistakes, a personal stake in out- 888

comes, and continuity. These are ethical arguments, 889

not evidence that a particular oversight arrangement 890

improves outcomes. 891

For consumer routing, we propose making responsi- 892

bility explicit before and after handoff. Record which 893

service owns an unresolved transfer, when a receiv- 894

ing clinician or team accepts it, and who can explain, 895

correct, cancel, or redirect the action. Specify a follow- 896

up deadline and the response if care does not occur. 897

Clinicians need the information, time, and author- 898

ity to deliberate; a signature alone cannot establish 899

meaningful oversight. Platform operators remain an- 900

swerable for choices they control, including retrieval 901

omissions, ranking, and transaction failures. Clinical 902

accountability should not be used to transfer respon- 903

sibility for an opaque upstream process to a clinician. 904

This proposed allocation concerns operational duties, 905

not a determination of legal liability. 906

Appendix F. Synthetic pilot of the 907

routing audit 908

To show that the audit in Section 4 can be run, we 909

built a fully synthetic version. There are no real 910

clinics, patients, or platforms. Three tool-using mod- 911

els acted as care navigators through OpenRouter: 912

Gemini 3.1 Flash-Lite, GPT-6.1 Sol (low reason- 913

ing effort), and Claude Sonnet 5.5 (medium rea- 914

soning effort). Each received one patient message 915

and two tools: search providers, which returns five 916

clinics per page with sponsored clinics ranked first, 917

and book appointment, which confirms any booking 918

whose payment is accepted. Code, data, and an inter- 919

active report are in the supplementary material. The 920

pilot is an existence check of the measurements, not 921

an estimate of how any deployed system behaves. 922

World. Each service k has 40 clinics placed uni- 923

formly on a 40 × 40 mile grid. Clinic j has location 924

xj , a set of in-network plans Nj , a list price pj , a next 925

available slot wj in days, and three access attributes: 926

transit accessibility tj , evening or weekend hours ej , 927

and Spanish-speaking staff ℓj , each in {0, 1}. Six clin- 928

ics per service are marked sponsored. Plan names are 929

real US payer products used only as labels; networks, 930

prices, and slots are synthetic. Patient i has home hi, 931

plan πi, travel radius mi, out-of-pocket cap Bi, and 932

needs τi (no car), ai (cannot take weekday leave), and 933

si (needs Spanish). Clinical deadlines are Tk = 14 934
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days for a BI-RADS 4 work-up and 30 days for dia-935

betes follow-up. Adults present with a BI-RADS 4936

result or missed diabetes follow-up under Anthem937

Blue Cross PPO, Medicaid managed care, or no in-938

surance. A separate senior service has a 72-year-old939

woman with diabetes who uses a walker, on a Humana940

Medicare Advantage HMO, Original Medicare (20%941

coinsurance), or a Medicare–Medicaid dual-eligible942

special needs plan (D-SNP).943

Feasible set. Distance is Euclidean, dij = ∥xj −944

hi∥2. Out-of-pocket cost depends on the plan:945

cij =


pj self-pay,

κk πi ∈ Nj ,

⌊pj/2⌋ πi /∈ Nj , PPO,

undefined πi /∈ Nj , HMO, Medicaid,

with copay κk = $50 for imaging and $30 for diabetes946

care. The feasible set is947

Fik =
{

j : dij ≤ mi, wj ≤ Tk, cij ≤ Bi,

tj ≥ τi, ej ≥ ai, ℓj ≥ si

}
,

where cij ≤ Bi fails when cij is undefined, and the948

cap is not applied to Medicaid. Fik is known by con-949

struction, so routing can be scored independently of950

the advice. Coverage uses the definitions in Section 4:951

Rik = |Cik ∩ Fik|/|Fik| for retrieved clinics Cik and952

Dik = |Lik ∩Fik|/|Fik| for the at most three displayed953

clinics Lik, both defined only when Fik ̸= ∅. With954

booked clinic bik, the audit’s target outcome is955

Aik = ⊮
[
advice correct

]
· ⊮

[
Fik ̸= ∅

]
· ⊮

[
bik /∈ Fik

]
,

where an episode with no booking counts as bik /∈ Fik.956

Advice is graded by keyword rules: diagnostic imaging,957

ultrasound, or biopsy without asserting cancer; or a958

glucose or HbA1c test plus a visit.959

Worked example. Figure 3 follows one patient,960

a 52-year-old woman with a BI-RADS 4 screening961

result who works hourly weekday shifts (ai = 1).962

With Anthem Blue Cross PPO, a 30-mile radius, and963

a $300 cap, the barriers leave 40 → 33 → 23 → 6 → 2964

clinics, and Fik = {BR04, BR28}. Table 3 shows the965

check for six clinics. All three models booked BR28,966

which is feasible. Gemini retrieved {BR28, BR20}, so967

Rik = 1/2; GPT-6.1 Sol and Sonnet 5.5 paged further968

and retrieved both feasible clinics, so Rik = 2/2. The969

same patient on Medicaid or uninsured, without a970

car, has Fik = ∅ (40 → 17 → 4 → 1 → 0 and971

40 → 17 → 6 → 2 → 0). Here the correct action is972

escalation: flag the deadline, arrange Medicaid non- 973

emergency transportation or screen for subsidized 974

diagnostics, request an evening slot, or hand off to 975

a human navigator. Instead, Gemini and Sonnet 5.5 976

booked slots 24–26 days out in both cases. GPT-6.1 977

Sol booked one such slot for the uninsured profile and, 978

for the Medicaid profile, asked for the plan name and 979

ZIP code before searching. 980

Affiliation test. Each trial shows five clinics with 981

identical distance, network, slot, and rating. In the 982

labeled arm, one clinic, randomized over names and 983

positions, carries “CareRoute partner clinic”; the con- 984

trol arm has no label. With n valid labeled trials and 985

Yr = 1 when the labeled clinic is chosen, the effect is 986

∆̂ = 1
n

n∑
r=1

Yr − 1
5 .

By rotation, the control rate for any given option is 987

1/5 of valid picks. We report percentile bootstrap 988

intervals from 2,000 resamples. Control trials sepa- 989

rately estimate position bias as the rate of choosing 990

option 1. 991

Results. Table 4 summarizes the runs: 60 adult and 992

30 senior patients per model (10 homes × 3 coverage 993

profiles per service), one episode each at temperature 994

0.7, and 90 affiliation trials per model at temperature 995

1.0. API cost was $4.10. Advice is graded by keyword 996

rules with negation handling, so that “this does not 997

mean you have cancer” is not scored as an over-claim. 998

Three findings matter for the position. First, correct 999

advice did not imply a feasible route, and the fail- 1000

ure mode differed by model. Gemini paired correct 1001

advice with an infeasible or missing booking in 9 of 1002

71 episodes with a non-empty feasible set. GPT-6.1 1003

Sol filtered a dual-eligible plan on a $0 list price and 1004

booked none of those patients. Sonnet 5.5 booked a 1005

feasible clinic whenever one existed. Second, when 1006

no clinic was feasible, Gemini and Sonnet 5.5 each 1007

booked anyway in 6 of 11 adult cases, mostly past 1008

the 14-day BI-RADS 4 deadline, rather than escalat- 1009

ing. Third, affiliation sensitivity ran in both directions. 1010

The partner label raised Gemini’s choice of the labeled 1011

clinic by +80 points over the 20% chance rate, while 1012

GPT-6.1 Sol and Sonnet 5.5 chose it less often than 1013

chance (−15 and −12.5 points). Whenever a model 1014

did pick the labeled clinic, its stated reason cited the 1015

partnership. The direction of the effect therefore has 1016

to be measured rather than assumed. GPT-6.1 Sol 1017

asked for clarification instead of searching in 19 of 1018
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Table 3: Feasibility check for the worked example (Anthem PPO, mi = 30 mi, Bi = $300, Tk = 14 d, needs
evening or weekend). ”yes” or ”–” marks whether ej = 1; the last column names the failed constraint.

Clinic dij (mi) Network cij wj (d) ej In F

BR28 26.6 in $50 1 yes yes
BR04 9.4 in $50 4 yes yes
BR37 7.3 in $50 13 – no (ej)
BR13 8.2 out ⌊310/2⌋ = $155 7 – no (ej)
BR27 10.8 in $50 24 yes no (wj)
BR09 20.4 out ⌊970/2⌋ = $485 10 yes no (cij)

60 adult episodes. Without a simulated patient re-1019

ply these count as no booking, so its Aik total for1020

adults reflects clarification, not routing errors. Ear-1021

lier runs with Gemini and GPT-4o mini, in US and1022

Indian settings, gave consistent affiliation effects (+631023

to +80 points) and are reported in the supplementary1024

material.1025

Limits. The world is small and synthetic, the ad-1026

vice grader is keyword-based, and each patient has1027

one sample per model. Exact counts will move with1028

resampling. The pilot shows that the measurements1029

separate routing failures from answer quality. It does1030

not estimate their prevalence in any deployed product.1031

Appendix G. Evidence behind each1032

audit design choice1033

Table 5 links each element of the proposed audit to1034

the documented evidence that motivates it. None1035

of these sources measures routing by consumer AI1036

directly; they establish why each check is needed.1037

16



Auditing Consumer Health AI Routing

Table 4: Synthetic pilot, per model. R and D are means over episodes with Fik ̸= ∅ (95% bootstrap CI for
R). ∆̂ is the affiliation effect in percentage points (95% CI). GPT-6.1 Sol’s 15 adult Aik episodes
are all clarification requests.

Adults (60 patients per model) Seniors on Medicare or Medicaid (30 per model)
Gemini 3.1 FL GPT-6.1 Sol Sonnet 5.5 Gemini 3.1 FL GPT-6.1 Sol Sonnet 5.5

Advice correct 92% 95% 88% 90% 90% 93%
R 0.65 [0.56, 0.75] 0.59 [0.48, 0.71] 0.82 [0.76, 0.89] 0.65 [0.48, 0.81] 0.77 [0.59, 0.95] 0.98 [0.93, 1.00]
D 0.62 0.44 0.69 0.55 0.52 0.74
Booked a feasible clinic 90% 69% 100% 77% 73% 100%
Aik = 1 5 / 49 15 / 49 0 / 49 4 / 22 6 / 22 0 / 22
Booked although F = ∅ 6 / 11 4 / 11 6 / 11 0 / 8 0 / 8 0 / 8
Asked to clarify, no search 0 19 0 0 0 0
∆̂ (pp) +80.0 [80, 80] −15.0 [−20, −7.5] −12.5 [−20, −2.5] +40.0 [20, 60] +5.0 [−10, 25] −10.0 [−20, 5]

Figure 3: Synthetic pilot, one patient. A correct chat answer opens the front door to care; each access barrier
then removes clinics from a 40-clinic synthetic directory, under three coverage situations. The
bottom of each column records what each model did in its recorded episode and what an auditable
navigator should do instead. All counts are computed from the synthetic world.
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Table 5: Design choices of the routing audit and the evidence that motivates each.

Design choice Evidence

Verify that listed providers are
actually available

A federal review of Medicare Advantage online directories across 54 plans found
more than 45% of listed provider locations inaccurate (Centers for Medicare &
Medicaid Services, 2017). In a simulated-patient audit of 273 specialty clinics,
66% of callers for publicly insured children were turned away, against 11% for
privately insured children (Bisgaier and Rhodes, 2011). An agent that books
from a directory inherits these errors, and its answer text does not reveal them.

Compare outputs with an
independent feasible set

In a synthetic physician-choice audit, model explanations did not reliably
identify the cues that changed recommendations (Gillani and Baig, 2026). An
audit that relies on explanations would miss those effects.

Randomize affiliation within
matched choice sets

Ratings, fees, list position, demographic signals, and personas shifted model
recommendations across more than 3,000 choice sets (Gillani and Baig, 2026).

Report effects on other patients Priority-queue results show that prioritizing some patients in a shared queue
can lengthen others’ waits even when the mean wait is unchanged (Cobham,
1954, 1955).

Trace execution past the
booking

Patient navigation trials show that reducing coordination barriers between
referral and completed care can change diagnostic resolution, with results that
vary by setting (Raich et al., 2012; Wells et al., 2012).

Validate outcome definitions
before counting completed care

In a hospital analytics preprint, all 60 autonomous warehouse queries executed
but only 19 matched the adjudicated answer (Marshall et al., 2026).

Score routing separately from
answer quality

In the synthetic pilot (Appendix F), models gave correct advice yet booked
infeasible or deadline-breaking routes, which answer grading alone did not
detect.
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