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Abstract

We investigate how small open-weight lan-
guage models make decisions in medical tasks
and whether their failures also occur in other
settings. We evaluated nine models on wear-
able fatigue and intensive-care tasks, where
they chose among six recommendations, in-
cluding continued monitoring. We then ex-
tended testing to a non-medical tool router
and subsets of the Berkeley Function-Calling
Leaderboard and JSONSchemaBench. We in-
troduce the Minimum Viable Audit (MVA) to
examine which actions models choose, whether
their responses contain usable decisions, and
whether they copy prompt content. Compar-
isons across tasks help establish where these be-
haviors recur. Under the baseline intensive-care
prompt, MedGemma chose continued moni-
toring in all 450 attempts, achieving 33.3%
accuracy. On the router, it used all six tools
and answered 144 of 150 requests correctly.
Meditron-7B produced unusable responses and
copied prompt content across intensive-care
monitoring and the non-medical evaluations
at both four-bit and eight-bit quantization.
MedGemma’s results motivate checking the
medical instructions. Meditron’s recurring fail-
ures warrant checking the model configuration
and how outputs are generated. Differences
between tasks and mismatches between medi-
cal prompts and scoring rules limit conclusions
about the causes of these failures. We recom-
mend reporting selected actions, invalid and
copied responses, and results for each prompt
condition alongside accuracy.

1 Introduction

Large language models assist with clinical docu-
mentation and information handling by drafting
notes, summarizing patient records and retrieving
medical information. A pilot study of an LLM-
powered scribe found that adoption was associated
with a median reduction of 6.89 minutes in daily
documentation time (Ma et al., 2025). Research

is also connecting language models to electronic
health records so they can retrieve measurements
and request further operations, extending their role
from generating text to selecting actions based on
patient data (Jiang et al., 2025).

Using patient records in such workflows requires
control over where information is processed, who
can access it and how long it is retained. The ap-
plicable requirements depend on jurisdiction: U.S.
HIPAA guidance specifies safeguards and business
associate arrangements for relevant cloud process-
ing, and European data-protection rules impose
additional conditions on transfers outside the Euro-
pean Economic Area (U.S. Department of Health
and Human Services, 2022; European Data Pro-
tection Board, n.d.). Local deployment keeps in-
ference inputs within institutional infrastructure,
where teams can manage model versions, access,
logging and approval requirements. Open weights
also allow teams to adapt and evaluate models in
their deployment environment (Google, 2026a).

Small, medically adapted models offer a way to
run specialized tasks locally with limited hardware.
MedGemma illustrates the size tradeoff within one
medical model family: Google lists four-bit weight
footprints of approximately 3.4 GB for its four-
billion-parameter model and 21 GB for its 27-
billion-parameter model, excluding runtime mem-
ory (Google, 2026a). Local execution also supports
settings with intermittent connectivity, such as mo-
bile clinics (Google, 2026a). An agentic workflow
can use separate small models for extracting labora-
tory values and summarizing records (Belcak et al.,
2025). We study models with at most eight billion
parameters to examine this compact deployment
setting.

An agent asked whether a patient needs another
test may first need to retrieve the previous result
and its date. The model can obtain that information
through a tool, a software operation with speci-
fied inputs and outputs. MedAgentBench evalu-
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ates such interactions in a virtual electronic health
record environment, including a task that asks an
agent to retrieve the latest glycated hemoglobin
measurement and order another test if the result
is more than a year old. Across its 300 tasks, the
best evaluated model achieved 69.67% task success
(Jiang et al., 2025). Completing the workflow re-
quires an explicit request identifying the operation
and its inputs; an accompanying explanation can
give the clinician a rationale for reviewing it.

We examine the selection step by asking models
to choose among a fixed set of tools or recom-
mendations. Each response must identify an al-
lowed choice and select the appropriate one under
the task’s rules, bringing together the requirements
of output validity and decision correctness exam-
ined in function-calling and structured-generation
benchmarks (Patil et al., 2025; Geng et al., 2025).
Our experiments score the selections without exe-
cuting tools or clinical interventions.

Interpreting accuracy requires examining the
choices and errors behind it: repeated defaults
and unusable responses call for different investi-
gations. The Minimum Viable Audit (MVA) builds
on behavioral testing in CheckList and multidimen-
sional evaluation in HELM (Ribeiro et al., 2020;
Liang et al., 2023). It combines validity checks,
action distributions (the proportions of valid selec-
tions assigned to each action), inspection for copied
prompt content, and a comparison task evaluated
with the same checkpoint. When a model repeat-
edly chooses one action on one task but performs
well elsewhere, we inspect the task’s instructions
and rules. Task differences in labels, instructions
and difficulty make this a diagnostic comparison of
where failures occur.

In the intensive-care task, each model selects
one of six recommended next steps: continue mon-
itoring, recheck vital signs, adjust positioning or
oxygen, adjust fluids or vasopressors, escalate to
the attending clinician, or transfer to higher-acuity
care; Section 3.1 describes the task and the rules
used to score these choices.

Two medically adapted models illustrate the
distinction (Figure 1). MedGemma 1.5 4B is a
four-billion-parameter model trained for medical
text and image tasks (Google, 2026b). Under
the baseline prompt across three seeds, it selects
continue_monitoring for every intensive-
care scenario, giving it 33.3% accuracy, the fre-
quency of that reference action. On the non-
medical tool router, the same checkpoint uses all

six tools and makes 144 correct selections in 150
attempts, or 96.0%.

Meditron-7B was developed through continued
medical pretraining of the seven-billion-parameter
Llama 2 model; we evaluate a four-bit quantized
version, Q4 (Chen et al., 2023). It scores 4.9%
on the intensive-care task. Of its 450 responses,
384 contain no valid action, including 282 with
placeholder actions, and the remaining 66 all select
continue_monitoring.

We apply MVA to five medical and four general-
purpose or comparator models on a non-medical
six-tool router, wearable fatigue decisions and
intensive-care monitoring. Adapted subsets of the
Berkeley Function-Calling Leaderboard (BFCL)
and JSONSchemaBench extend the analysis to
supplied-function naming and schema-valid gen-
eration. Additional experiments examine whether
the observed patterns persist across quantization
levels, prompt variants, output formats, databases
and related checkpoints.

Our contributions are:

• A reusable audit procedure that combines
action-distribution measurements, output in-
spection and cross-task comparison, with ex-
plicit scoring definitions, reference mappings
and documentation of mismatches between
deployed prompts and scoring rules.

• An empirical analysis of nine small open-
weight models, demonstrating how the audit
distinguishes a medical-task default accom-
panied by strong routing performance from
frequent unusable responses and concentrated
valid choices.

We first define the audit and its measurements,
then describe the experimental setup and results.

2 The Minimum Viable Audit

2.1 Procedure
The Minimum Viable Audit combines measure-
ments of a model’s selected actions with inspection
of the responses that produced them. The proce-
dure has four steps.

1. Specify the decision interface. Record the in-
puts, allowed actions, reference rules, prompt
and output parser. Check whether the prompt
communicates the rules used to score the re-
sponses, since a disagreement between the
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Meditron Q4

k=1; 150/450 correct

k=1; 22/450 correct

ICU actions
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Share of all attempts

k=6; 144/150 correct

k=5; 48/150 correct

Router tools

Valid selection. Asked to find a saved spreadsheet,
MedGemma returns file_search.

Copied placeholder. Meditron’s response to router
case tr_008 retains <one of the 6 tool names
exactly>.

Figure 1: ICU and tool-router outputs across three seeds. Colored segments show valid actions; hatched gray shows
invalid outputs. Colors identify actions separately within each panel. MedGemma selects one ICU action and all six
router tools. Meditron’s valid router responses cover five tools, alongside frequent invalid responses. Each seed uses
the same scenarios.

prompt and the reference can lower accuracy
even when the model follows its instructions.

2. Measure the outputs. Report accuracy, valid-
ity and the distribution measurements defined
in Section 2.2. Preserve the raw responses
so that the summaries can be checked against
what the model emitted.

3. Inspect failures. Look for missing or mal-
formed actions and content copied from the
prompt. Where a copying pattern can be de-
fined precisely, quantify it across the evaluated
cases. Copying and invalidity require separate
annotations: a copied response may pass the
parser, while an invalid response need not con-
tain copied content. Appendix B defines the
parsers and copying detectors.

4. Evaluate a comparison task. Test the same
checkpoint on an unrelated structured-output
task and check whether the original pattern
recurs, recording differences in instructions,
action menus, schemas and scoring.

Additional seeds, prompt variants and decoding
controls can test the stability of the observed be-
havior.

2.2 Measurements
Let N be the number of attempted decisions and V
the number for which the declared parser recovers
an allowed action. Validity is V/N ; tables report
the invalid rate, 1 − V/N , as a percentage. The

definition of a valid output depends on the task’s
parser and output requirements; Appendix B speci-
fies the criteria used for each task. Accuracy is the
proportion of all attempts whose selected action
matches the reference. Invalid outputs count as
errors in accuracy and recall.

For each allowed action a, let na be its count
among valid responses and pa = na/V . We de-
scribe the action distribution using:

k = |{a : na > 0}|, (1)

H = −
∑

a:na>0

pa log2 pa, (2)

d = max
a

pa, (3)

where k counts the distinct actions used, H is
Shannon entropy in bits, and d is the share assigned
to the most frequent action. A model that always
emits one valid action has k = 1, H = 0 and
d = 1.

We also report recall for each reference class:
the fraction of cases with that reference action that
the model selects correctly. Reference classes with
no cases in the evaluation have undefined recall and
are excluded from the zero-recall criterion below.

Our descriptive concentration flag counts four
conditions: k ≤ 2, H ≤ 1 bit, d ≥ 0.80, and zero
recall for at least one reference class present in the
evaluation. We denote the number of satisfied con-
ditions by M and flag M ≥ 2. When no response
is valid, H and d are undefined; we report output
failure rather than computing M .
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The concentration flag prioritizes cases for in-
spection. We interpret it using reference-class fre-
quencies, the confusion matrix, invalidity and copy-
ing, since a skewed task may legitimately favor one
action. Appendix F.2 examines sensitivity to the
thresholds.

2.3 Interpreting a cross-task comparison
We use context-specific defaulting to describe a
concentrated action profile on the original task ac-
companied by varied, successful decisions on a
comparison task. The checkpoint’s successful se-
lections elsewhere direct attention to the original
task and its instructions.

Cross-surface output failure refers to related mal-
formed or copied responses across distinct tasks or
benchmark formats, which we call evaluation sur-
faces. Recurrence motivates examining the check-
point, output template and runtime alongside the
original task instructions. The two patterns can
coexist: a model may produce invalid responses on
some inputs while concentrating its valid selections
on one action.

Tasks differ in difficulty, reference construction,
wording and output requirements. We interpret the
comparison as evidence about where a behavior
recurs and use it to guide follow-up checks of task
instructions, output handling and the checkpoint.

3 Experimental setup

3.1 Tasks and reference actions
We apply the audit to three tasks that require select-
ing one of six permitted actions. All evaluations are
offline: no tools are invoked and no recommended
interventions are delivered to participants or pa-
tients. Each task requests structured JSON output,
with its own action menu, schema, parser and ref-
erence rules. Medical responses use an action
field; router responses use a tool field.

Non-medical tool routing. The router provides
the non-medical comparison task and a simple ex-
ample of the shared decision interface: selecting
an operation for an everyday request. Its menu con-
tains a calculator, web search, calendar, email, file
search and code execution. The 50 unique authored
requests, evaluated at three seeds for 150 attempts,
comprise 30 with an unambiguous tool choice and
20 whose interpretation depends on priority rules
supplied in the prompt. For example, those rules
distinguish arithmetic over supplied numbers from
a request to execute a program. Each response

includes the selected tool, a rationale and a confi-
dence label.

Wearable fatigue decisions. This task replays
observations from a 14-participant study of trunk
flexion, or bending forward at the waist (Kuber
et al., 2024). At each cycle, the model receives a fa-
tigue classification, confidence and session context.
It can continue the session, suggest a short break,
recommend a posture change, modify the task, end
the session, or recommend an offline exoskeleton
refit. Reference actions follow an author-written
mapping of participants’ perceived-exertion ratings
and their changes over time. The wearable task
replays recorded cycles in order: selected interven-
tions update the history shown to the model, task
modifications are logged as simulator annotations
without changing later fatigue observations, and
selecting the end-session action stops the replay.

The ten scenarios provide up to 174 cycles per
seed. A model can end a session before its final cy-
cle, so the number of observed decisions depends
on its actions: Gemma 3n E2B produces 222 deci-
sions across the main runs, compared with 522 for
each other model. We score only the cycles each
model encounters. Some reference rules use the
following cycle to confirm an exertion spike, giv-
ing the retrospective labels information unavailable
to an online decision agent. Appendix A details
the mapping and the differences in exposure and
information.

Intensive-care monitoring. The intensive-care-
unit (ICU) task uses 150 one-hour scenarios ex-
tracted from eICU-CRD (Pollard et al., 2018, 2019,
2026). Inputs summarize vital signs, recent treat-
ments and an early-warning signal. The model
selects among continuing monitoring, rechecking
vital signs, adjusting positioning or oxygen, ad-
justing fluids or vasopressors, escalating to the at-
tending clinician, and transferring to higher-acuity
care. Vasopressors are drugs used to support blood
pressure.

Reference actions come from an author-written
priority hierarchy informed by sepsis guidance
and adapted to the available retrospective measure-
ments (Evans et al., 2021; Singer et al., 2016). In-
dependent clinical adjudication of the labels is un-
documented. The National Early Warning Score,
NEWS2, supplies the deterioration signal (Royal
College of Physicians, 2017). An additional in-
put called “confidence” increases with the distance
of NEWS2 from the deterioration threshold. The
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prompt describes this value as calibrated, although
its relationship to the probability of a correct label
has not been measured.

On the supplied single-window inputs, the
prompt’s gate blocks intervention in 87 of the 100
scenarios with non-monitoring reference actions.
ICU accuracy therefore measures agreement with
authored rules that partly conflict with the supplied
instructions. Appendix A gives the rule ordering,
input definitions and prompt–reference differences.
Additional evaluations use 17 held-out eICU sce-
narios and 141 scenarios from MIMIC-IV (Johnson
et al., 2023, 2024); their construction and use are
described in Appendices A and E.

3.2 Public output tests and model cohort
Two public benchmark subsets extend the output
checks beyond the authored tasks. We use 100
instances from BFCL’s simple function-call set-
ting and 100 schemas from JSONSchemaBench
(Patil et al., 2025; Geng et al., 2025). Each BFCL
instance supplies one function. Our adaptation
scores the returned name and detects copied def-
initions; it omits argument and execution checks.
JSONSchemaBench measures whether a generated
instance validates against its target schema. These
subsets cover six cohort models and four controls
(Table 4); Gemma 3n E2B, Phi-4-mini and Llama-
2 Chat were not evaluated on them. Scores use all
attempts, including runtime errors, under the local
scoring rules.

We selected locally runnable, quantized open-
weight models within the study’s eight-billion-
parameter limit. The main cohort contains five med-
ical models: MedGemma 1.5 4B, BioMistral 7B,
Meditron 7B, OpenBioLLM 8B and Aloe-Qwen
7B (Sellergren et al., 2026; Labrak et al., 2024;
Chen et al., 2023; Pal and Sankarasubbu, 2024;
Garcia-Gasulla et al., 2026). Gemma 3n E2B and
Phi-4-mini are the general-purpose models; Mistral
Instruct v0.2 and Llama-2 Chat serve as compara-
tors (Google DeepMind, 2025; Abouelenin et al.,
2025; Jiang et al., 2023; Touvron et al., 2023). All
evaluations use text inputs, including for models
that support other modalities.

Additional comparisons use MedGemma Q4,
Gemma 3n E4B, Meditron Q8 and Meditron3
8B. Quantization variants test whether output
patterns persist with different weight representa-
tions. The successor checkpoint, Meditron3, tests
whether they recur in a later release. Gemma 3n
E4B provides an approximate size comparison;

MedGemma’s parent checkpoint belongs to the
separate Gemma 3 family (Google, 2026b). Dif-
ferences in training history also limit attribution
of model differences to medical adaptation. Ap-
pendix H lists the exact model tags and run groups.

3.3 Execution, baselines and uncertainty
The main evaluations ran locally through Ollama1

using GGUF weights at temperature 0.2 with three
seeds. Appendix E describes the temperature
checks and additional seed configurations. The
Q8 router-format extension used a later Ollama re-
lease than the historical experiments, so differences
between those runs may reflect execution changes
as well as quantization. Appendices D and H docu-
ment the configurations, prompt variants and run
groups.

Four baselines provide context for ICU accuracy.
Always selecting continue_monitoring
gives the corresponding reference-class frequency.
A NEWS2 threshold rule escalates to the attending
at scores of at least five and continues monitoring
otherwise. A multilayer perceptron (MLP) and
XGBoost (Chen and Guestrin, 2016) learn the
reference mapping from tabular features, with
performance evaluated using saved five-fold out-
of-fold predictions. The supervised baselines train
on reference labels; the main prompted evaluations
use no labeled demonstrations. Appendix C
gives the baseline features, preprocessing and
hyperparameters.

We estimate descriptive accuracy intervals by re-
sampling scenarios while keeping each scenario’s
repeated seed responses together, so seeds charac-
terize variation on the same cases. The intervals
do not account for all dependence between scenar-
ios from the same patient or remove the effects of
stratified sampling. Wearable comparisons remain
descriptive (Section 3.1). Router comparisons are
paired by request; Appendix F specifies the boot-
strap procedure and the exploratory equivalence
analysis.

The investigation developed from a locally dated
ICU protocol into an exploratory cross-domain
analysis. Appendix G documents the planning his-
tory, differences between the planning documents
and subsequent additions.

1https://github.com/ollama/ollama
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4 Results

4.1 One-action medical defaults coexist with
accurate tool routing

Under the baseline prompts, MedGemma 1.5 4B se-
lects continue_monitoring in all 522 wear-
able decisions and all 450 ICU decisions. Its accu-
racies, 40.2% and 33.3%, equal the frequency of
that reference action in each evaluation (Table 1).
Recall is zero for the other five ICU actions. On
the supplied inputs, the gate directs continuation in
137/150 ICU scenarios (Section 3.1). MedGemma
also continues in the 13 cases where intervention
is permitted, comprising eight transfer and five es-
calation references.

On the non-medical router, the same Q8 check-
point uses all six tools and selects correctly in
144/150 attempts (Figure 1). For example, it selects
file_search for a request to locate a spread-
sheet. Gemma 3n E4B, the approximate size com-
parator, answers 147/150 correctly. MedGemma
names the supplied function correctly in 299/300
BFCL attempts and yields schema-valid instances
in 200/300 attempts on JSONSchemaBench (Ap-
pendix B, Table 4). Its Q4 variant retains the single-
action ICU pattern and answers 147/150 router at-
tempts correctly. Together, its medical default and
varied, accurate router selections fit the context-
specific defaulting pattern (Section 2.3).

Concentration is common across the cohort (Ta-
ble 1): eight of nine models meet the ICU flag,
M ≥ 2. Mistral Instruct v0.2 and Llama-2
Chat always select continue_monitoring;
the general-purpose Gemma 3n E2B and Phi-4-
mini assign over 90% of valid actions to it. BioMis-
tral assigns 415/445 valid responses to rechecking
vital signs, despite a gate favoring continuation.
Only Aloe-Qwen falls below the threshold, with
four actions, H = 1.42 bits and M = 1.

4.2 Meditron’s failures combine invalid
output, copying and concentrated choices

Meditron-7B-Q4 produces 66 valid actions in
450 ICU attempts, all continue_monitoring,
with 22 correct decisions overall. Its 384 invalid
responses comprise 282 placeholder actions, 62
dictionary-valued actions, 36 null actions and four
non-JSON responses (Appendix D, Table 6). Fig-
ure 1 shows the overall distribution; the confusion
matrices in Appendix C, Figure 2 show which refer-
ence classes receive invalid or incorrect responses.

The router exposes a different distribution along-

side similar output problems. Meditron produces
82 valid selections spanning five tools, with H =
1.90 bits and M = 1, but answers only 48/150 at-
tempts correctly. Of the 150 responses, 68 contain
the literal placeholder <one of the 6 tool
names exactly>, including the saved response
to scenario tr_008.

Copying also occurs on the public subsets (Ap-
pendix B, Table 4). On BFCL, 220/300 responses
reproduce a function definition and another 29 echo
a placeholder. On JSONSchemaBench, 58/300 re-
sponses reproduce the complete input schema, ig-
noring whitespace and key order. A broader meta-
data heuristic flags 177/300 responses, although
it can also match legitimate instance fields. The
exact-schema count excludes partial copies.

Output validity also varies across tasks. For
OpenBioLLM, 165/300 BFCL attempts fall in the
other-invalid category: parseable JSON that is not a
detected copy but lacks a recognized string-valued
function-name field. It produces valid selections in
150/150 router and 449/450 ICU attempts.

4.3 Meditron-7B copying persists at Q8 and is
reduced in Meditron3

The Meditron-7B Q4 and Q8 controls share
prompts, scoring, seeds and non-weight model
layers; the historical Q8 runtime version was not
recorded (Appendix D). Table 2 compares their
results across four tasks.

At Q8, valid ICU responses increase from
66/450 to 140/450 and correct decisions from
22 to 47. Every valid response still selects
continue_monitoring, leaving k = 1, H =
0, d = 1 and zero recall for five reference classes.
Both quantizations receive M = 4. Placeholder
counts vary sharply across seeds: 0, 132 and 150 at
Q4, compared with 0, 0 and 150 at Q8 (Appendix D,
Table 6).

Router accuracy rises from 48/150 to 66/150,
and invalid responses fall from 68 to 39. Responses
containing the exact tool-list placeholder fall from
68 to 38. Q8 uses all six tools with nonzero recall
for each, reducing M from 1 to 0.

Performance shows no consistent improvement
across the two public subsets. Q8 names the
supplied BFCL function correctly in nine at-
tempts, compared with 23 at Q4, and produces
225 function-definition copies and 56 placeholder
echoes. JSONSchemaBench validity rises from
76/300 to 97/300; exact schema copies fall from 58
to 40 (Appendix B, Table 4).
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Model NA Acc. A Acc. B Inv. B (%) kB HB dB MB

Gemma 3n E2B 222 0.57 0.33 3.33 3 0.29 0.96 3
Phi-4-mini 522 0.24 0.34 0.00 4 0.41 0.93 3
MedGemma 4B Q8 522 0.40 0.33 0.00 1 0.00 1.00 4
BioMistral 7B Q4 522 0.27 0.16 1.11 4 0.42 0.93 3
Meditron 7B Q4 522 0.13 0.05 85.33 1 0.00 1.00 4
Mistral Instruct v0.2 522 0.40 0.33 0.00 1 0.00 1.00 4
Llama-2 Chat 522 0.40 0.33 0.00 1 0.00 1.00 4
OpenBioLLM 8B 522 0.40 0.33 0.22 2 0.31 0.94 4
Aloe-Qwen 7B 522 0.21 0.33 0.00 4 1.42 0.62 1

Table 1: Main-cohort wearable (A) and ICU (B) results. Wearable denominators vary because early session
termination changes exposure; those accuracies are not a common-case ranking. ICU uses the same 150 scenarios at
three seeds (N = 450 per row). Accuracy includes invalid actions as errors; invalidity is action-parser failure, not
full-field schema validation. H (bits) and dominance (d) condition on valid actions. M counts four concentration
criteria (Section 2.2).

Weights ICU acc. ICU inv.% kI Router acc. Router inv.% kT BFCL% JSB%

Q4 0.05 85.33 1 0.32 45.33 5 7.67 25.33
Q8 0.10 68.89 1 0.44 26.00 6 3.00 32.33

Table 2: Meditron Q4/Q8 comparison across four tasks. ICU: N = 450; router: N = 150; each public-benchmark
subset: N = 300. BFCL reports correct function name under the local adaptation; JSB reports schema validity,
including outputs also flagged by a copying heuristic. The prompts and scoring match; the runs come from different
collection periods without a verified runtime match.

Meditron3 changes the base model (Llama
3.1 8B) and training-data mixture (EPFLiGHT,
2026). It answers 135/150 router attempts cor-
rectly and names the supplied BFCL function cor-
rectly in 297/300 attempts, compared with 48/150
and 23/300 for Meditron-7B-Q4. No function-
definition copies or placeholder echoes are de-
tected on BFCL. On JSONSchemaBench, it pro-
duces 204/300 valid responses and 11 exact schema
copies, compared with 76 valid responses and 58
copies for Meditron-7B-Q4 (Appendix B, Table 4).

All 450 Meditron3 ICU responses are valid,
but its choices remain concentrated: 344 select
continue_monitoring and 106 select fluid
or vasopressor adjustment, giving M = 3. The
continue-monitoring share is 76.4% overall, with
counts of 62, 141 and 141 across the three seeds.
Appendix I collects the additional controls.

4.4 Reversing the tool list produces a
single-tool default

Meditron-7B-Q8 answers 63/150 router attempts
correctly with the bullet-format change and 60/150
with the heading change. Reversing the tool
order reduces this to 9/150 (Table 3). All 75
valid responses in the reversed condition select
code_execution, giving k = 1, H = 0 and
M = 4.

Accuracy spans 36 percentage points across the
Q8 formats. The historical Q4 runs span 30.7
points and show the same single-tool pattern under
reversal, subject to the runtime difference described
in Section 3.3.

Across the three Q8 conditions, 155/450 re-
sponses are invalid. Of these, 148 contain the
exact tool-list placeholder; the remaining seven
contain other invalid outputs. Pooling the con-
ditions would show use of all six tools and ob-
scure the reversed condition’s exclusive selection
of code_execution among valid responses.

5 Discussion

5.1 Interpreting medical-task defaulting
The ICU prompt and scoring rules specify con-
flicting decisions for 87 of the 100 non-monitoring
reference cases on the supplied inputs (Section 3.1).
This conflict leaves the contribution of instruc-
tion following to MedGemma’s concentration un-
resolved. Supplying the complete reference hierar-
chy and required inputs while holding the check-
point, cases and output format fixed would test
that contribution. Improvement concentrated in
previously conflicting or underspecified branches
would support instruction alignment as a contrib-
utor. The MLP and XGBoost achieve 60.0% and
76.0% agreement with the authored labels using
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Format Weights Correct Invalid k H d M

Bullet Q4 47 69 5 1.88 0.42 1
Bullet Q8 63 44 6 2.05 0.41 0
Header Q4 51 48 5 1.56 0.63 1
Header Q8 60 36 6 1.77 0.54 0
Reverse Q4 5 118 1 0.00 1.00 4
Reverse Q8 9 75 1 0.00 1.00 4

Table 3: Tool-router format perturbations, 50 cases at three seeds per row (N = 150). Q4 is historical; Q8 was
collected on Ollama 0.20.7. Reversing the tool list concentrates every valid response on code execution at both
quantizations. H is in bits; d is the share among valid actions and M counts concentration criteria.

saved out-of-fold predictions (Appendix C). Their
access to labeled training cases differs from the
prompted models’ access to prose instructions;
aligning those instructions can clarify how much
of the gap remains.

Caution-related language may also favor contin-
ued monitoring when intervention conditions are
complex or underspecified. Continued monitoring
can itself be inappropriate, so a test of risk fram-
ing needs to vary the surrounding language while
preserving the decision rules. Google’s model card
describes MedGemma as a starting point for task-
specific adaptation and notes its potential prompt
sensitivity (Google, 2026b).

The ICU hierarchy combines thresholds, trends
and precedence. Paired cases differing in one rel-
evant field can test recognition of individual trig-
gers; cases satisfying several conditions can test
their precedence. Concentration across medical
and general-purpose models also calls for compar-
isons of matched parent and adapted checkpoints
under compatible execution settings, with instruc-
tion alignment checked for each task.

5.2 Repairing the output interface can leave
the decision failure intact

With the joint reasoning-field and schema
intervention, Meditron produces 449 valid
ICU responses out of 450, all selecting
continue_monitoring, although its wear-
able choices expand to four actions (Appendix E).
Under the same intervention, MedGemma uses
four ICU actions, but accuracy falls from 33.3%
to 28.9%, with 56 invalid responses. Repair
evaluations need to track corrected cases, newly
introduced errors and per-class recall.

An unfilled placeholder suggests reproduction of
the output specification. Checking rendered inputs,
role delimiters, generation prefixes and stopping
conditions can identify configuration problems;
models sharing a base can require different chat

formats (Hugging Face, n.d.). Comparing place-
holder templates, completed examples and formal
schemas with runtime and requests fixed tests how
output specification affects validity and decision
accuracy. Raw generations support separate deci-
sion and format scores. Fixing the rendered tem-
plate across checkpoints tests whether copying re-
curs across model versions. Our joint intervention
leaves the reasoning field’s and schema constraint’s
individual contributions unresolved.

The reversal result motivates separate tests
of tool position, name and description. Plac-
ing each tool in several positions distinguishes
choices that follow position from persistent
code_execution selection; separate changes
to names and descriptions then test those features.
Wei et al. (2024) document sensitivity to both or-
der and option tokens. Reporting each permutation
separately preserves concentrated conditions that
pooling can hide.

5.3 Applying the audit in research and
development

For a record-retrieval agent selecting laboratory
results, clinical notes, medication history or clarifi-
cation, the audit set needs clear requests, missing
information and competing tools. Repeated note
searches on laboratory requests identify cases for
inspection. Successful routing on an unrelated doc-
ument task directs attention to medical instructions;
placeholders across both tasks prioritize the output
interface. Retained failure cases track repairs dur-
ing development; fresh cases test generalization.

Logs must distinguish raw responses, parser de-
cisions and software fallbacks. Silently converting
an unparseable response to continued monitoring
conceals the failure and makes it indistinguishable
from a model-generated recommendation.

Report performance on representative workload
cases separately from a stratified challenge set of
uncommon actions. Clinical evaluations addition-
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ally need adjudicated reference decisions and an
assessment of missed and unnecessary interven-
tions. For an escalation-support prototype, separate
counts of missed and unnecessary escalations ex-
pose clinical consequences that similar accuracy
scores can obscure. A fixed regression set, with
versioned prompts, model identifiers, parsers and
runtime settings, can track changes after updates
to quantization, schemas or serving software. Ac-
counting for case-mix changes avoids misattribut-
ing shifts in action frequencies to the model.

The audit suits fixed-menu agents where re-
peated defaults can obscure failures to distinguish
cases and a suitable comparison task is avail-
able. Candidate applications include cybersecu-
rity incident routing, content-moderation escala-
tion, industrial maintenance triage, legal intake and
customer-support routing. These applications re-
main untested here.

5.4 Priorities for validating and extending the
audit

Validation requires failures characterized indepen-
dently of MVA. Controlled systems can supply
always-default policies, malformed outputs, de-
liberate copying and conflicting instructions, in-
cluding combinations because these behaviors can
coexist. A separate evaluation of naturally occur-
ring failures tests whether the distinctions extend
beyond constructed examples.

Varying reference frequencies, menu size and
sample size tests whether the concentration flag
mistakes legitimate imbalance for failure. False
flags and missed failures on separate tasks assess
thresholds chosen during development. Compar-
isons with accuracy alone, invalidity alone and a
dominant-action rule can establish what the full
procedure adds.

A copying-detector annotation study needs com-
plete and partial copies, legitimate schema fields
and unrelated malformed responses. Exact match-
ing and metadata heuristics need separate precision
and recall estimates; validity needs separate anno-
tation because copied content can pass a parser.

Matched medical and non-medical versions of
a logical problem can test domain framing while
preserving rules, action count, output requirements
and reference frequencies. Comprehension checks
and independent difficulty assessments can evalu-
ate their comparability.

A prompt-aligned test measures rule execution;
clinical judgments require independently adjudi-

cated cases. Wearable comparisons need a common
replay set independent of model stopping decisions,
with labels restricted to information available at
each decision time.

Multi-step failures include incorrect arguments,
retrieval of the wrong record and misuse of returned
information, even when the selected tool is appro-
priate. Following these transitions tests error recov-
ery and dependencies between decisions.

5.5 Relationship to prior evaluation work
MVA links an observed output pattern to a diagnos-
tic cross-task comparison, building on CheckList
and HELM (Ribeiro et al., 2020; Liang et al., 2023).
MEDIC and MedAgentBench assess broader clin-
ical utility and workflows (Kanithi et al., 2026;
Jiang et al., 2025); biomedical-specialization stud-
ies compare adaptation benefits (Dorfner et al.,
2025). The MIMIC-IV/eICU kit describes a se-
quential setting (Özkan, 2026). Prompt-format
research measures presentation sensitivity (Sclar
et al., 2024); our tool-order reversal produces a
single-tool default.

6 Conclusion

The Minimum Viable Audit combines response in-
spection and cross-task testing to characterize fail-
ures in small language-model agents. Across nine
small open-weight models, MedGemma’s repeated
monitoring recommendation coexisted with accu-
rate non-medical tool selection, while Meditron-
7B produced copied and unusable responses across
tasks at both four-bit and eight-bit quantization.
Adding a reasoning field and schema constraint im-
proved output validity or action diversity without
consistently improving decisions. These findings
support evaluating changes through both decision
accuracy and inspection of the resulting responses.
We recommend reporting action frequencies, in-
valid and copied responses, and results for each
prompt condition alongside accuracy, with a non-
medical comparison showing whether observed
failures extend beyond the medical task.
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Limitations

MVA is demonstrated on selected small open-
weight models and mostly single-step tasks; its
diagnostic sensitivity and specificity remain unmea-
sured. Concentration thresholds and copying detec-
tors can misclassify outputs. The clinical reference
actions are authored rules without documented in-
dependent adjudication. Prompt–reference mis-
matches, the uncalibrated ICU confidence input
and wearable labels using later observations qual-
ify the accuracy results. Model-dependent session
termination also changes wearable exposure. Small
samples, stratification and correlated observations
limit generalization; repeated seeds do not add in-
dependent cases.

Cross-task comparisons change instructions, ac-
tion menus, parsers and difficulty, while checkpoint
comparisons change training or execution condi-
tions. They provide diagnostic contrasts without
isolating causes. Evaluations of larger hosted mod-
els are excluded because of clinical-data processing
restrictions. Our findings are limited to the evalu-
ated small open-weight models.

Historical model and runtime records are in-
complete, and the differing local planning doc-
uments lack independently verified registration
timestamps. Clinical-source agreements constrain
reuse of record-level data. Appendices G and H
document provenance and availability.

Ethical considerations

These retrospective evaluations executed no clin-
ical interventions. The reported open-weight in-
ference ran locally. The ICU databases are de-
identified resources subject to credentialing and
data-use requirements (Pollard et al., 2018, 2019,
2026; Johnson et al., 2023, 2024). The original
wearable study documents its human-subject proce-
dures (Kuber et al., 2024). Clinical safety requires
separate validation: action diversity and passing
the audit provide no safety guarantee, and exact-
label accuracy does not capture the differing con-
sequences of missed escalation and unnecessary
intervention.
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A Task definitions and reference
mappings

A.1 Wearable reference actions
The wearable labels use back and leg perceived-
exertion ratings, recent changes and a back-
weighted maximum. The frozen function gt_
action_v2 in score_agent_v2.py applies
the rules in order. An early-session guard returns
continue monitoring in the first two cycles when
maximum exertion is below eight; a drop of at least
two points from the preceding cycle also returns
continue. Maximum exertion of at least eight, or at
least seven sustained into a second cycle, can end
the session.

A rise of at least two points to a rating of at least
five triggers a check of the next recorded cycle.
A confirmed spike can end the session; an uncon-
firmed spike modifies the task unless its current
rating reaches seven, which also triggers session
termination. This retrospective check gives the ref-
erence information unavailable to an online agent.
Later branches cover sustained load, back–leg di-
vergence, breaks, posture changes and refit deci-
sions. The complete ordering is preserved in the
scoring function.

The ten scenarios contain 174 possible cycles
per seed. Session-ending actions reduce exposure:
Gemma 3n E2B produces 222 decisions across
three seeds, compared with 522 for each other main-
cohort model. Unvisited cycles are excluded from
scoring, so these models are evaluated on different
observed cycles.

A.2 ICU rule hierarchy
The ICU labels come from apply_gt_icu_v1
in extract_icu_scenarios.py. Mean ar-
terial pressure (MAP), oxygen saturation (SpO2),
inspired oxygen fraction (FiO2), treatments and
trends enter the following ordered rules:

1. Transfer. MAP below 65, vasopressin use, and
a maximum norepinephrine or epinephrine
dose of at least 0.25 micrograms/kg/min in the
preceding hour, with at least four hours since
the earliest recorded nonzero infusion of that
drug in the preceding 24 hours. This duration
proxy does not verify continuous high-dose
exposure.

2. Escalate. Low, non-improving MAP after ad-
equate recorded fluid volume; elevated lactate
with vasopressor use and that fluid volume;

NEWS2 at least seven; or NEWS2 at least
five with selected worsening trends. Adequate
fluid volume is defined as 30 mL/kg over three
hours.

3. Adjust fluids or vasopressors. Borderline
falling MAP without a recent bolus, or ongo-
ing low-dose norepinephrine with MAP below
65.

4. Adjust positioning or oxygen. SpO2 < 92,
SpO2/FiO2 ≤ 315 when SpO2 ≤ 97, or a
saturation drop of at least four percentage
points over the implemented one-hour trend.
The code multiplies FiO2 by 100 and uses the
equivalent ratio threshold of 3.15.

5. Recheck. MAP within one unit of 65 or SpO2

within one unit of 92.

6. Continue. No earlier branch applies.

The thresholds draw on sepsis guidance and
NEWS2 (Evans et al., 2021; Singer et al., 2016;
Royal College of Physicians, 2017); their prece-
dence, trend windows and six-action mapping are
authored adaptations. Rice et al. (2007) relate
a saturation ratio of 315 to an arterial-oxygen-
pressure ratio of 300. Our saturation branch omits
the additional diagnostic conditions in the Berlin
definition (ARDS Definition Task Force, 2012).
These research labels have no complete indepen-
dent clinician-adjudication record.

The 150 cases comprise 50 continue, 25 recheck,
25 oxygen, 20 fluid, 20 escalation and 10 transfer
references. This stratification differs from natural
action prevalence. Three seeds yield 450 attempts
on the same 150 scenarios. Missing fluid docu-
mentation, unit conversions and trend construction
affect the implemented branches.

A.3 Prompt alignment and sampling
The prompt gates intervention on the deterioration
signal and gives a narrower oxygen rule: low sat-
uration together with circulatory conditions. The
reference can select oxygen adjustment from its
ratio branch alone. The confidence input is also in-
consistent with its description: the generator starts
at 0.5, increases with distance from the NEWS2
threshold of five, scales that distance by 14 and
caps the value at one. It is an uncalibrated magni-
tude proxy, although the prompt describes 0.80 as
approximately 80% correctness.
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Applying the four prompt-gate conditions in Ap-
pendix J to the 150 archived scenarios permits inter-
vention in 13 and blocks it in 137. Each evaluation
supplies one window and no preceding-window
history, so the consecutive-window condition can-
not be established. Of the 100 non-monitoring
references, 87 occur behind the closed gate: all
25 recheck, 25 oxygen and 20 fluid cases, plus 15
escalation and two transfer cases. The other 50
blocked cases have continue references. This is a
check of the supplied instructions against the saved
inputs, not a clinical adjudication or a rescore of
model outputs.

The held-out evaluation contains 17 cases at seed
0. Later few-shot prompts draw examples from that
source, so it is no longer untouched for the few-shot
condition. The MIMIC replication has 141 cases
per seed, including just one transfer reference.

B Parsers and copying measures

B.1 Action validity
The ICU parser accepts a JSON object whose
action is an allowed string after whitespace
trimming. Auxiliary fields are outside this valid-
ity check. Dictionary-wrapped values and near-
miss strings count as errors. The router parser ac-
cepts tool, action or name, can recover nested
strings, and normalizes case, spaces, hyphens and
nearby enum strings.

The format grid uses a separate router parser.
Applying the general parser recovers six additional
Mistral outputs, all for request tr_033 in bul-
let/header conditions. We retain the grid parser for
that comparison. The verification records identify
these discrepancies and independently check the
stored medical actions and schema-validity cate-
gories.

B.2 Copied content
ICU placeholder detection recognizes angle-
bracket content in the action field. The Q8 format
extension also counts an exact schema-placeholder
marker. BFCL scoring accepts alternative function-
name fields and a namespace-style fuzzy match;
correct arguments are outside its score. Function-
definition copies and placeholders are separate cat-
egories.

The JSONSchemaBench metadata marker re-
quires at least two schema-related keys, includ-
ing names such as type, properties and
required. Legitimate instances can contain

these keys. Exact schema copying instead requires
equality of the complete parsed output and input-
schema objects, ignoring whitespace and key order;
it misses partial copies. Table 4 reports both mea-
sures and runtime-error counts. Runtime-error at-
tempts count as unsuccessful in both public-subset
scores; they are separate from returned responses
that fail parsing or validation. Thus the reported
percentages measure success per attempt, rather
than validity conditional on receiving a response.

C Recall and baseline construction

The majority rule always continues. The NEWS2
rule escalates to the attending at scores of at
least five and continues otherwise, scoring 68/150
(45.3%). The supervised models use saved five-
fold out-of-fold predictions.

The MLP inputs are MAP, SpO2, heart rate, res-
piratory rate, temperature, lactate, FiO2, fluid bo-
lus in the preceding three hours, active vasopressor
count, NEWS2 and its six-hour change. Median
imputation and standardization are fitted within
training folds. Hidden layers contain 32 and 16
units; the model uses 2,000 maximum iterations,
no early stopping, and random seed 20260517 for
fitting and shuffled stratified folds. It scores 90/150
(60.0%). Removing NEWS2 and its change leaves
nine features and gives 80/150 (53.3%); the remain-
ing vitals still carry information related to NEWS2.

XGBoost uses the same folds, native missing-
value handling, 200 trees, depth six, learning rate
0.1, row/column subsampling of 0.9, a multiclass
probability objective, histogram construction and
four worker threads. It scores 114/150 (76.0%).

D Quantization and router-format
controls

The historical Meditron Q4/Q8 control uses the
baseline prompt-9 ICU runner and identical scor-
ing. The archived log records matching template,
system and parameter layer digests. Table 6 sepa-
rates the seed-specific output categories. Incorrect
or malformed responses were not retried. The later
Q8 format extension freezes three variants, three
seeds and fifty requests per cell: 450 attempts, with
zero transport errors. Settings are temperature 0.2,
JSON output mode and the recorded context setting
of 2048. The unchanged format-grid parser scores
both quantizations.

For bullet, heading and reversal, exact place-
holder counts are 42, 36 and 70 out of 150; invalid
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BFCL JSONSchemaBench

Model Correct (%) Err. Def. Placeh. Valid (%) Err. Marker Exact

MedGemma 4B Q8 99.67 1 0 0 66.67 35 17 0
MedGemma 4B Q4 100.00 0 0 0 63.00 31 19 0
Gemma 3n E4B 98.00 0 0 0 64.33 39 21 0
BioMistral 7B Q4 86.00 3 0 1 56.33 20 39 0
Meditron 7B Q4 7.67 8 220 29 25.33 20 177 58
Meditron 7B Q8 3.00 7 225 56 32.33 17 147 40
Meditron3 8B 99.00 0 0 0 68.00 11 51 11
Mistral Instruct v0.2 98.67 1 0 0 68.67 5 26 0
OpenBioLLM 8B 40.67 0 2 0 57.00 3 34 5
Aloe-Qwen 7B 100.00 0 0 0 77.33 3 25 0

Table 4: Public-subset audit, 100 instances at three seeds per surface. BFCL: correct function name (%), function-
definition category (count), placeholder category (count). JSB: valid (%), broad schema-metadata marker (count),
and exact full-schema copying (count). Err.: runtime-error attempts (count), retained as unsuccessful in each
percentage. Metadata markers are fallible and overlap valid outputs. Exact matches compare parsed JSON objects,
ignoring whitespace and key order.

Model C R O F E T

Gemma 3n E2B 0.96 0.00 0.00 0.00 0.10 0.00
Phi-4-mini 1.00 0.00 0.03 0.00 0.00 0.00
MedGemma 4B Q8 1.00 0.00 0.00 0.00 0.00 0.00
BioMistral 7B Q4 0.01 0.95 0.00 0.00 0.00 0.00
Meditron 7B Q4 0.15 0.00 0.00 0.00 0.00 0.00
Mistral Instruct v0.2 1.00 0.00 0.00 0.00 0.00 0.00
Llama-2 Chat 1.00 0.00 0.00 0.00 0.00 0.00
OpenBioLLM 8B 0.97 0.00 0.00 0.07 0.00 0.00
Aloe-Qwen 7B 0.83 0.17 0.00 0.18 0.00 0.00
Meditron 7B Q8 0.31 0.00 0.00 0.00 0.00 0.00
Meditron3 8B 0.87 0.00 0.00 0.22 0.00 0.00

Table 5: Strict ICU per-class recall; invalid actions remain errors. C: continue; R: recheck; O: oxygen/positioning;
F: fluid/pressor; E: escalate; T: transfer. Support per seed is 50, 25, 25, 20, 20 and 10, respectively.

counts are 44, 36 and 75. Correct counts by seed
are (21, 23, 19), (20, 21, 19) and (1, 6, 2). Reversal
has 14, 43 and 18 valid outputs, respectively, all
selecting code_execution.

The Q8 format extension used Ollama 0.20.7;
historical records describe a 0.6.x stack. The earlier
Q4 runs were not repeated under the later runtime.
The July four-surface Q8 control has no recorded
runtime version. These records therefore leave run-
time effects unresolved in historical quantization
comparisons. Q8 is still quantized; no FP16 control
was run.

E Interventions and robustness

E.1 Reasoning field and schema constraint
Table 7 reports the joint addition of a reasoning
field and a schema constraint. Because both change
together, their individual effects cannot be sepa-
rated. Meditron’s 449 valid ICU responses all con-
tinue monitoring. Its wearable outputs instead com-
prise 305 continue, 93 posture, 80 break and 44

task-modification choices. MedGemma uses four
ICU actions, yet its 130/450 correct decisions fall
below the baseline 150/450.

E.2 Prompt and context changes
Three alternative ICU framings retain
MedGemma’s and Llama-2’s all-continue
profile. BioMistral stays recheck-dominant among
valid outputs, but invalid counts rise from 5/450
to 241, 101 and 247. Meditron produces identical
saved responses in all three conditions: 14/450
correct and 377 invalid. The cause of that equality
is unresolved.

Few-shot ICU prompts add six examples, one per
class. BioMistral has 445/450 invalid responses;
the other six evaluated models score between 5.6%
and 33.3%. Increasing Meditron’s context setting
to 4096 leaves its responses unchanged at 25/450
correct and 389 invalid. On the router, MedGemma
falls from 144 to 138/150, Gemma E4B stays at
147/150, and Meditron falls from 48 to 25/150 with
95 invalid outputs.
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Figure 2: ICU confusion matrices. Rows are reference classes and sum to one; columns include invalid responses.
The diagonal gives the recalls in Table 5. The invalid column shows which reference classes contribute to output
failures.

Weights Seed Valid Placeholder Null Dict-wrap Non-JSON

Q4 0 66 0 22 62 0
Q4 1 0 132 14 0 4
Q4 2 0 150 0 0 0
Q8 0 140 0 6 3 1
Q8 1 0 0 110 0 40
Q8 2 0 150 0 0 0

Table 6: ICU response categories in the historical Meditron quantization control. Every row contains 150 attempts.
All valid actions are continue monitoring. The seed numbers are archived seed indices; ICU requests use the
recorded per-window seed derivation.

Removing decoder JSON mode, or both decoder
mode and the prompt’s JSON instruction, produces
450/450 invalid outputs in each reported cell under
the original strict parser. A separate semantic ex-
tractor finds continue-monitoring words throughout
MedGemma’s decoder-only condition. That free-
text endpoint does not satisfy the original output
contract.

E.3 Transfer and additional perturbations
MIMIC contributes 423 attempts per model.
MedGemma and the two historical comparators
remain all-continue; BioMistral remains recheck-
dominant. MedGemma scores 150/423 (35.5%),
matching reference prevalence; BioMistral scores
75/423 (17.7%); Meditron scores 30/423 (7.1%)
with 341 invalid outputs. The extraction reuses the
authored hierarchy and its limitations concerning
missing fluids, units and trends (Appendix A).

The historical router-format grid covers seven
main-cohort models plus E4B, totaling 3,600 at-
tempts; OpenBioLLM and Aloe are absent. The
additional Q8 grid covers Meditron only. Temper-
ature checks at 0.0, 0.5 and 0.7 yield 95.3–96.0%

router accuracy for MedGemma and 98.0% for
E4B. Extra router/BFCL seeds remain separate
from the original three-seed summaries.

After function-name renaming, both tested mod-
els score 300/300 on BFCL. Property-renamed
JSONSchemaBench gives 196/300 valid instances
for MedGemma and 194/300 for E4B, compared
with 200 and 193 before renaming. This perturba-
tion leaves task structure and examples intact, so
prior exposure remains untested.

F Uncertainty and threshold sensitivity

F.1 Resampling and paired comparisons
Accuracy intervals use 10,000 case-cluster boot-
strap samples with random seed 20260926. Each
sampled case retains all its seed responses. Resid-
ual dependence between cases from one patient
and the effects of stratified sampling remain out-
side these intervals. Baselines use matched cases;
wearable exposure differences are described in Ap-
pendix A.

For the baseline prompts, the descriptive 95%
case-cluster bootstrap intervals for ICU accuracy
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Task Model N Cb Cj Ib Ij kb kj

ICU MedGemma 450 150 130 0 56 1 4
ICU BioMistral 450 73 100 5 0 4 4
ICU Meditron 450 22 150 384 1 1 1
Wearable MedGemma 522 210 124 0 4 1 1
Wearable BioMistral 522 142 106 0 0 3 2
Wearable Meditron 522 70 159 340 0 1 4

Table 7: Baseline (b) and joint reasoning-field/schema condition (j). C is the correct count, I the invalid count and
k the number of valid actions used. Both components change together; all attempts remain in the denominator.

Comparator pair ∆ (pp) 90% CI (pp) TOST p

MedGemma / Gemma E4B -2.00 [-5.35, 1.35] 0.0021
BioMistral / Mistral -10.00 [-18.93, -1.07] 0.6456
OpenBioLLM / Llama-3 0.00 [-6.39, 6.39] 0.0205
Aloe / Qwen2.5 -0.67 [-5.59, 4.25] 0.0079
Med42-v2 / Llama-3 1.33 [-2.22, 4.89] 0.0014

Table 8: Exploratory router comparisons. Difference is the mean within-case difference in accuracy after averaging
three seeds; n = 50 cases. Intervals are paired t intervals (90%). TOST p uses a post-hoc ±8 percentage-point
margin, without multiplicity adjustment. These are comparator contrasts, not isolated fine-tuning effects.

are 26.0–40.7% for MedGemma and 3.1–6.9%
for Meditron Q4; their router intervals are 90.0–
100.0% and 20.0–44.7%, respectively. These in-
tervals use 150 unique ICU cases and 50 unique
router requests, keeping each case’s three seed re-
sponses together. The paired comparisons below
use a separate 90% t interval for the difference
between models.

For each router pair, we average seed correct-
ness within each case and then compute the fifty
paired differences. Table 8 gives 90% paired t inter-
vals and TOST results (Schuirmann, 1987) using a
post-hoc ±8-point margin, with no multiplicity ad-
justment. The margin has no independently estab-
lished operational meaning. MedGemma’s interval
fits eight points but not five; BioMistral trails Mis-
tral by ten points. Different checkpoint histories
further limit causal attribution.

F.2 Concentration thresholds
The sensitivity analysis varies the required crite-
rion count from one through four and the entropy
threshold from 0.5 through 1.5 bits. MedGemma’s
ICU/router contrast persists; Meditron’s base-
line/reversed router profiles differ, and Aloe’s ICU
flag can change with the threshold. Dominance
conditions on valid actions. With none, entropy
and dominance are undefined and the cell is an out-
put failure. Diagnostic sensitivity and specificity
remain unmeasured.

G Protocol history

Two local planning documents contain different
hypothesis sets and lack independently verified reg-
istration timestamps. We use the initial May 17,
2026 document to describe the recorded history.
Its comparator-isolation hypothesis fails because
both historical comparators concentrate on con-
tinue. Twenty held-out cases were planned and sev-
enteen realized; the protocol specified 512 output
tokens and the ICU runner requested 400. Exact
prompts were frozen after a smoke test. Cohort
expansion, lenient parsing, cross-domain tests and
most robustness checks were exploratory additions.

H Implementation and availability

The principal runs use Ollama/GGUF, temperature
0.2 and seed indices 0, 1 and 2. ICU seeds are
derived per window, so these indices do not imply
identical request seeds across tasks. Held-out runs
use seed 0; sweeps and extra seeds are separate
groups. Appendix D describes runtime records. Ta-
ble 9 preserves the principal model tags; historical
immutable digests are incomplete. Additional
router pairs use Llama-3 Instruct, Qwen2.5 Instruct,
Med42-v2 and Bio-Medical-Llama-3 (Meta, 2024;
Qwen Team, 2024; Christophe et al., 2024; Contact-
Doctor, 2024). The run inventory records condition,
model, observed counts and source identifiers.

Code, prompts, rule mappings, the authored
router task and aggregate results are avail-
able at github.com/abhi789/mva-audit.
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Model Archived Ollama tag

MedGemma Q8 medgemma1.5:4b-it-q8_0
MedGemma Q4 medgemma1.5:4b-it-q4_K_M
BioMistral adrienbrault/biomistral-7b:Q4_K_M
Meditron Q4 / Q8 meditron:7b-q4_K_M / meditron:7b-q8_0
Mistral comparator mistral:7b-instruct-v0.2-q4_K_M
Llama-2 comparator llama2:7b-chat-q4_K_M
Gemma comparators gemma3n:e2b / gemma3n:e4b
Phi-4-mini phi4-mini:latest
OpenBioLLM koesn/llama3-openbiollm-8b:Q4_K_M
Aloe-Qwen hf.co/mradermacher/Qwen2.5-Aloe-Beta-7B-i1-GGUF:Q4_K_M
Meditron3 hf.co/mradermacher/Meditron3-8B-GGUF:Q4_K_M

Table 9: Archived identifiers for the principal cohort and controls. Tags preserve the distinction between a model
family, instruction tuning and quantization.

Task Model N Correct Invalid k H d M

Router MedGemma Q8 150 144 0 6 2.58 0.180 0
Router MedGemma Q4 150 147 0 6 2.58 0.180 0
Router Gemma E4B 150 147 0 6 2.58 0.180 0
Router Meditron Q4 150 48 68 5 1.90 0.378 1
Router Meditron Q8 150 66 39 6 2.11 0.369 0
Router Meditron3 150 135 0 6 2.55 0.240 0
ICU MedGemma Q4 450 150 0 1 0.00 1.000 4
ICU Meditron3 450 144 0 2 0.79 0.764 3

Table 10: Additional controls cited in the main Results. Entropy H (bits) and dominance d use valid actions; M
counts concentration criteria.

Record-level outputs derived from eICU-CRD and
MIMIC-IV are available on request to credentialed
PhysioNet users, consistent with the source data
use agreements.

I Additional controls

Table 10 collects additional controls used in the
main Results. Meditron3’s ICU continue counts are
62, 141 and 141 by seed; the remaining 88, 9 and
9 choices select fluid or vasopressor adjustment.

J Prompt excerpts

The following lines are excerpts from the evaluated
prompts. The ICU confidence wording conflicts
with its generator (Appendix A).

The ICU gate permits an action beyond continu-
ing when the current deterioration signal has confi-
dence at least 0.85; the current signal indicates de-
terioration with confidence at least 0.70 and MAP
below 65 or SpO2 below 92; deterioration persists
for at least two windows with confidence at least
0.70 in each; or the trend is increasing with current
deterioration confidence at least 0.70. Otherwise
the prompt instructs the model to continue. These
are the four conditions referred to as (a)–(d) in the
excerpt.

ICU confidence: “confidence: 0.0-1.0, cali-
brated”; “conf=0.80” means this label is correct
approximately 80% of the time.
ICU gate: “If none of (a)-(d) hold, default to
continue_monitoring even if the classifier shows
D.”
Router priority: “For pure arithmetic on
numbers the user provided, prefer ‘calculator’
over ‘web_search’ and over ‘code_execution’.”
Router output placeholder: "tool":
"<one of the 6 tool names
exactly>"
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