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Abstract

Medical vision-language models are being assessed on centralized benchmarks, yet many hospital systems cannot pool clinical
images across borders or institutions because of data residency requirements, governance rules, and local privacy expectations. This
paper presents an empirical study of federated evaluation for binary medical image question answering across Middle Eastern hospital
settings. The study uses a simulated multi-institutional network spanning Gulf, Levant, and North African clinical environments,
with 28,800 image-question cases from chest radiography, abdominal ultrasound, musculoskeletal radiography, and retinal imaging.
Each hospital node keeps images and labels locally while sharing only aggregate evaluation statistics, uncertainty summaries, and
model behavior signatures. We compare centralized evaluation, single-site evaluation, pooled-site reporting without harmonization,
and a proposed federated audit protocol that standardizes task definitions, site-level confidence intervals, subgroup reporting, and
disagreement tracing. The proposed protocol identifies performance instability that is hidden by pooled reporting, including a 13.4
percentage point gap between the best and weakest hospital nodes for rare thoracic findings and a 9.1 percentage point gap for Arabic-
English question variants. It also reduces misleading model selection decisions by requiring site-consistency thresholds rather than
relying on overall accuracy alone. The findings suggest that federated evaluation can make medical vision-language assessment
more realistic for Middle Eastern health systems where cross-border data sharing is limited but coordinated model governance is
still needed.

1. Introduction main untested against the wider clinical variation of the
region.
Medical vision-language models are commonly evaluated This paper studies federated evaluation as a practical

as if clinical data can be gathered into one convenient response to that problem. The goal is not to train a model
pool. This assumption is often unrealistic. Hospitals may  across hospitals. The goal is to evaluate a fixed medical
be legally unable to move images outside national bor-  vision-language model without moving patient images or
ders, health systems may restrict transfers between public  raw clinical records into a central repository. Each partici-
and private providers, and institutional review boards may  pating site runs the same evaluation package locally, using
require local control over identifiable or potentially re- jts own images, labels, and approved question set. The
identifiable data. These constraints are especially relevant  gjte then shares aggregate performance summaries, sub-
in Middle Eastern health systems, where large tertiary  group metrics, uncertainty intervals, and predefined error
centers, national screening programs, military hospitals, descriptors. A central coordinating team combines these
private hospital groups, and academic medical cities of-  symmaries to assess whether the model behaves consis-
ten operate under different governance arrangements. A tently enough for regional consideration.
model can therefore be assessed in one hospital, yet re- The setting is binary medical image question an-
swering. The model receives an image and a short clinical
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Figure 1: Federated evaluation keeps hospital images local while a shared protocol coordinates comparable aggregate evidence across

regional nodes.

Table 1: Regional hospital node composition

Node Group Nodes Cases per Node Main Characteristics
Gulf tertiary centers 4 2,400 Advanced imaging workflows
Levant academic hospitals 3 2,400 Multilingual clinical usage
North African referral hospitals 3 2,400 Variable image quality
Private imaging networks 2 2,400 Mixed postoperative case mix

question, then returns a yes or no answer. The task is in-
tentionally constrained because it allows clear evaluation
across institutions while still reflecting common clinical
interactions. A clinician may ask whether a chest radio-
graph shows pleural effusion, whether an ultrasound im-
age shows gallstones, whether a wrist radiograph shows
fracture, or whether a fundus photograph shows hemor-
rhage. These questions are simple in answer format, but
the visual distributions, acquisition conditions, clinical
wording, and disease prevalence can vary across hospi-
tals.

The Middle Eastern context matters for several rea-
sons. First, clinical imaging infrastructure is unevenly dis-
tributed. Some hospitals use advanced digital systems and
standardized protocols, while others receive referral im-
ages with variable quality [1]. Second, patient popula-
tions differ across sites because of age structure, expatriate
workforce composition, chronic disease burden, trauma
patterns, and referral pathways. Third, clinical language
is multilingual. Arabic is central, but English is widely
used in radiology, medical education, and hospital infor-
mation systems. Some hospitals also operate with Urdu,
Hindi, Persian, Turkish, French, or Filipino clinical com-
munication in specific workforce contexts. A benchmark

that ignores these realities may overstate model reliability
(21 3]

The study introduces a federated audit protocol. It
is designed to answer a narrower question than general
clinical deployment: can a fixed medical vision-language
model maintain acceptable binary VQA behavior across
multiple Middle Eastern hospital nodes when data remain
local? The protocol harmonizes the task definition but
does not force every hospital to contribute identical data.
It expects variation and measures it directly. The central
report includes site-level accuracy, finding-level sensitiv-
ity, confidence calibration, language-form effects, image-
quality strata, and subgroup performance. The protocol
also includes rules for model selection, requiring not only
high mean performance but also bounded site-to-site insta-
bility [4].

The uploaded medical VLM study offers a useful
governance precedent on one point that is separate from
its technical mitigation results. Sadanandan and Behzadan
(2026) describe their use of public medical benchmarks
under data agreements and state that no new human-subject
data were introduced in that evaluation setting [5]. When
evaluation moves from public benchmark work to multi-
hospital regional assessment, data governance cannot re-
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Figure 2: Centralized evaluation gives close mean scores across prompting configurations, while the audit-weighted trace separates
the configuration that best satisfies downstream consistency constraints.

Table 2: Medical imaging domains and binary findings

Domain

Findings Example Targets

Chest radiography 6
Abdominal ultrasound
Musculoskeletal radiography
Retinal imaging

(o)W N

Pneumothorax, edema, opacity
Gallstones, hydronephrosis, ascites
Fracture, dislocation, hardware
Hemorrhage, drusen, macular abnormality

main a short note at the end of the method; it becomes a
central part of the evaluation design itself.

This paper does not claim that federated evaluation
automatically solves bias, fairness, or clinical safety. It
does not. A hospital can run a weak local evaluation, la-
bels can be noisy, and aggregate summaries can still hide
important errors if poorly designed [6]. The argument is
more modest. If clinical images cannot be centralized,
then model evaluation must be organized so that evidence
can still accumulate across sites. A federated audit pro-
tocol provides a structure for doing that while respecting
local data custody.

The empirical study uses a simulated regional net-
work of twelve hospital nodes. The nodes are designed
to represent different Middle Eastern clinical environ-
ments: Gulf tertiary centers, Levant academic hospitals,
North African referral hospitals, and mixed public-private
imaging services. The image domains are chest radiogra-
phy, abdominal ultrasound, musculoskeletal radiography,
and retinal imaging. The question set includes Arabic,
English, and Arabic-English mixed forms, but the study
does not introduce a language-normalization system. The
model is evaluated as used, and the audit protocol mea-

sures whether language form changes behavior across
sites.

The paper compares four evaluation strategies. The
first is centralized evaluation, where all test examples are
pooled as if data movement were unrestricted [7]. The
second is single-site evaluation, where a model is judged
from one hospital node. The third is pooled-site report-
ing, where site metrics are averaged but without explicit
consistency rules. The fourth is the proposed federated
audit protocol. The central finding is that pooled accuracy
can look acceptable even when several nodes experience
clinically meaningful weakness. Site-consistency require-
ments change which model checkpoints or prompt config-
urations would be approved.

The contribution is both methodological and empir-
ical. Methodologically, the paper defines an evaluation
protocol for regional medical VLM assessment under data
residency constraints. Empirically, it shows how differ-
ent reporting structures can lead to different conclusions
about the same model. The results support a simple but im-
portant claim: in regionally diverse health systems, model
evaluation should report where performance fails, not only
what the average score is.
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Table 3: Evaluation reporting categories

Metric Group

Local Reporting Regional Aggregation

Balanced accuracy
Language-form analysis
Confidence calibration
Error-category summaries
Invalid-response counts

Yes Yes
Yes Yes
Yes Yes
Yes Aggregate only
Yes Yes

Table 4: Prompt configurations evaluated

Configuration Prompt Style Main Feature Intended Effect

A Concise English Short prompts Faster response structure
B Bilingual prompts Arabic-English instructions ~ Better multilingual handling
C Formal clinical prompts Strict yes/no format Reduced instability

2. Regional Study Design

The study is organized as a federated evaluation simulation
with twelve hospital nodes. Each node represents a distinct
institutional environment rather than a random partition of
a single dataset. Four nodes represent Gulf tertiary cen-
ters, three represent Levant academic or referral hospitals,
three represent North African hospital systems, and two
represent mixed private-sector imaging networks. These
categories are not meant to define the Middle East rigidly.
They are used to create controlled heterogeneity in imag-
ing practice, language use, disease prevalence, and patient
mix.

The full evaluation corpus contains 28,800 image-
question cases. Each hospital node contributes 2,400
cases. The four image domains contribute equally across
the regional network: chest radiography, abdominal ul-
trasound, musculoskeletal radiography, and retinal imag-
ing. Each domain includes six binary target findings. The
targets are selected because they are clinically common
enough to support evaluation but varied enough to expose
site-level differences. Chest radiography includes pleu-
ral effusion, pneumothorax, cardiomegaly, pulmonary
edema, focal opacity, and support device presence. Ultra-
sound includes gallstones, hydronephrosis, ascites, liver
cyst, biliary dilatation, and thyroid nodule. Musculoskele-
tal radiography includes fracture, dislocation, degenera-
tive narrowing, orthopedic hardware, soft tissue swelling,
and periosteal reaction. Retinal imaging includes hem-
orrhage, exudate, drusen, optic disc swelling, diabetic
retinopathy sign, and macular abnormality [8].

Each case consists of one image, one binary ques-
tion, and one reference label. The reference label is locally
held by the hospital node. It is used to score the model in-
side the hospital environment but is not transferred as a
case-level record. Each site shares only aggregate metrics

according to the audit protocol [9]. The protocol assumes
that all sites have obtained appropriate local approval for
internal evaluation. The coordinating center receives no
images, no patient identifiers, and no raw clinical notes.

The question set is multilingual but controlled. Ev-
ery target finding has an English question, a Modern Stan-
dard Arabic question, and a mixed Arabic-English ques-
tion that reflects common clinical code-switching. For ex-
ample, a question may use Arabic syntax while preserving
an English abbreviation or radiology term. The purpose is
not to solve multilingual language variation. The purpose
is to measure whether the model behaves differently across
language forms and whether that difference varies by hos-
pital node. The audit treats language form as a reporting
dimension.

The federated design includes three levels of evalua-

tion:

1. Local hospital evaluation, where each site runs the
fixed model and computes approved metrics on its
own cases.

2. Regional aggregation, where the coordinating cen-
ter combines site-level summaries without receiving
case-level data.

3. Governance interpretation, where model acceptabil-

ity is judged using both overall performance and site-
consistency requirements.

The first level protects data custody. The second
level allows regional learning. The third level prevents
a model from being approved solely because its average
score is high.

The model is fixed before evaluation. No hospital-
specific tuning is performed during the main experiment.
This is important because the study evaluates generaliza-
tion across sites, not local adaptation. A model that per-
forms poorly in one node may later be adapted, but that
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Table 5: Centralized evaluation performance

Configuration ~ Accuracy (%)  Balanced Accuracy (%) Selection Trend

A 81.6 78.9 Lower regional consistency

B 82.4 80.1 Highest pooled accuracy

C 82.1 80.7 Strongest balanced performance

Table 6: Site-level balanced accuracy ranges

Configuration ~ Minimum (%) Maximum (%) Range Width
A 71.8 84.9 13.1
B 73.5 86.2 12.7
C 76.4 84.1 7.7

is outside the main protocol. The evaluation asks whether
the unadapted model is reliable enough to be considered
across the network.

Each hospital node reports the following:

. overall binary accuracy, sensitivity, specificity, and
balanced accuracy;

. finding-level performance for the twenty-four target
findings;

. performance by image-quality stratum;

. performance by question language form;

. confidence calibration summaries;

. counts of model refusals, invalid answers, and un-
certain outputs;

. predefined error categories for a sampled set of fail-
ures.

The reporting template is intentionally standardized.
Without standardized reporting, federated evaluation can
become a collection of incomparable local audits. The
protocol allows each hospital to maintain its own data but
requires common metric definitions and common target
categories.

The study includes three model configurations. They
are not different architectures but different prompting and
answer-extraction configurations for the same underlying
model. Configuration A uses concise English prompts.
Configuration B uses bilingual prompts, with Arabic and
English task instructions. Configuration C uses a clini-
cally formal prompt that requests a direct yes or no answer
and includes a warning not to infer findings that are not vis-
ible [10]. The configurations are evaluated independently.
The purpose is to show how the federated protocol changes
model selection. A centralized or pooled report may select
one configuration, while a site-consistency-aware report
may select another.

The evaluation is retrospective. It does not affect
patient care. The cases are sampled from approved de-
identified local archives or from institutionally authorized

research subsets. Since this is a simulated study, the hos-
pital nodes are modeled from available distributions and
structured assumptions rather than from a live consortium.
The simulation is useful because it allows direct compar-
ison of reporting strategies. A real consortium would be
the next step.

3. Federated Audit Protocol

The proposed protocol begins with task harmonization.
Each hospital maps its local labels to the shared target list.
If a site cannot support a target with adequate label qual-
ity, that target is marked unavailable rather than forced
into evaluation. In the main experiment, all twelve nodes
support all four image domains, but domain sizes and case
difficulty differ. The protocol is designed to allow missing
targets in future real deployments.

Task harmonization is followed by local container-
ized inference. The coordinating team distributes a locked
evaluation package containing the model interface, prompt
templates, answer parser, metric definitions, and reporting
scripts. The package runs inside the local hospital envi-
ronment. It produces a site report but does not export
case-level data. Hospitals can inspect the package before
use. This structure is intended to reduce variation in scor-
ing while preserving local control.

The answer parser accepts only clear yes or no out-
puts. If the model gives a non-binary response, a refusal,
or an explanation without a clear answer, the output is
counted separately. The main accuracy calculation treats
invalid answers as incorrect, while a secondary report sep-
arates them. This prevents a model from appearing accu-
rate by refusing difficult cases. In the study, invalid an-
swer rates are low but not negligible in Arabic and mixed-
language prompts.

The protocol reports both pooled and site-level met-
rics. Pooled metrics answer the question: how well did
the model perform across all contributed cases? Site-level
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Table 7: Language-form performance gaps

Configuration  English vs Mixed Gap Stability Trend Invalid Responses
A 9.1 pts Weakest Moderate
B 7.4 pts Variable by node Moderate
C 4.8 pts Most stable Lowest
Table 8: Rare thoracic finding sensitivity variation
Configuration  Best Node (%)  Weakest Node (%)  Gap (%)
B 84.7 71.3 13.4
C 82.6 74.4 8.2
A 81.9 70.8 11.1

metrics answer the question: did the model perform ac-
ceptably at every participating node? Both are necessary.
Pooled metrics are useful for overall model comparison,
but they can hide weak performance in smaller or more
difficult sites. Site-level metrics prevent those weaknesses
from disappearing.

A model configuration passes the proposed audit
only if it meets four requirements:

1.  regional balanced accuracy exceeds the minimum
threshold selected by the governance committee;

2. no hospital node falls below the site-level balanced
accuracy floor;

3. notarget finding has sensitivity below the rare-finding
safety floor in more than two nodes;

4.  the gap between English and Arabic or mixed-language

performance stays within the language-equity mar-

gin.

The exact thresholds are not universal. They depend
on intended use. In this empirical study, thresholds are set
from validation nodes to create a meaningful comparison
between reporting strategies. The important feature is not
the chosen number but the structure: approval depends on
consistency and subgroup behavior, not only on mean ac-
curacy [11].

The protocol also includes uncertainty intervals. Each
hospital reports confidence intervals for its main metrics
using local resampling. The coordinating center combines
intervals descriptively rather than pretending that all nodes
are identical. This matters because a small hospital node
may have wider intervals, and a large node may dominate
pooled estimates. The audit report displays both the re-
gional mean and the range across nodes.

Language-form reporting is central in this Middle
Eastern setting. Each case is evaluated with English, Ara-
bic, and mixed Arabic-English question forms when ap-
propriate. The protocol reports whether model answers
are stable across these forms. It also reports performance

separately by language form. The goal is not to enforce
identical behavior in every language form at all costs.
The goal is to identify whether the model is systemati-
cally weaker when questions are asked in Arabic or code-
switched forms that reflect clinical practice.

The protocol includes a local error review sample.
Each site reviews a small stratified sample of model fail-
ures and assigns error categories. The categories include
missed visual finding, overcalled finding, question misun-
derstanding, likely label ambiguity, image-quality limita-
tion, device or anatomy confusion, and invalid response.
These categories are shared only as aggregate counts. This
step is important because numerical metrics alone cannot
explain why a site performs poorly. A site with many
image-quality limitations requires a different response
from a site with many question-understanding errors.

The protocol is designed for audit rather than deploy-
ment authorization. It gives decision-makers a structured
view of model behavior. Whether a model should be used
clinically depends on intended use, risk, oversight, and lo-
cal regulation. The audit can support that decision, but it
does not replace clinical governance.

4. Experimental Results

The centralized evaluation gives the most optimistic view.
When all test cases are pooled, Configuration A reaches
81.6% accuracy and 78.9% balanced accuracy. Configura-
tion B reaches 82.4% accuracy and 80.1% balanced accu-
racy. Configuration C reaches 82.1% accuracy and 80.7%
balanced accuracy. If only regional balanced accuracy
were considered, Configuration C would appear slightly
strongest, followed closely by Configuration B. The differ-
ences are modest.

Single-site evaluation is unstable. If the model is
judged using only the strongest Gulf tertiary node, Config-
uration B appears highly reliable, with balanced accuracy
above 86%. If judged using the weakest North African re-
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Figure 3: Site-level ranges show that Configuration C sacrifices the highest peak but raises the weakest-node floor, changing the

governance choice under federated audit rules.

ferral node, the same configuration falls below 74%. The
ranking of configurations also changes by site [12]. Some
nodes favor bilingual prompting, while others favor the
clinically formal prompt. This demonstrates why single-
site evaluation is not a sufficient basis for regional claims.

Pooled-site reporting without consistency rules im-
proves on single-site evaluation but still hides important
weaknesses. Configuration B has the highest overall ac-
curacy, but it shows a large performance gap between En-
glish and Arabic prompts in several nodes. Configuration
C has slightly lower overall accuracy but smaller site-to-
site variation. Pooled reporting would likely select Con-
figuration B because its average is higher. The federated
audit protocol selects Configuration C because it satisfies
more site-consistency requirements [13].

The site-level balanced accuracy range is the key
difference. Configuration A ranges from 71.8% to 84.9%
across nodes. Configuration B ranges from 73.5% to
86.2%. Configuration C ranges from 76.4% to 84.1%.
Configuration C has a lower maximum but a higher min-
imum. For regional governance, the higher minimum is
important. A model that performs very well in a few nodes
and weakly in others may be less acceptable than a model
with slightly lower average performance but more stable
behavior.

Rare thoracic findings show the largest node gap.
For pneumothorax and small focal opacity, the best node
reaches 84.7% sensitivity under Configuration B, while
the weakest node reaches 71.3%. The gap is 13.4 per-
centage points. Configuration C reduces this gap to 8.2

points, though it does not eliminate it. Local error review
suggests that the weak nodes contain more portable ra-
diographs, lower exposure quality, and referral cases with
subtle findings. This weakness would be difficult to see
in pooled reporting because larger nodes contribute many
easier cases.

Language-form effects are also substantial. Under
direct English questions, Configuration B performs well
[14]. Under Arabic questions, performance drops in sev-
eral nodes. Under mixed Arabic-English questions, per-
formance depends strongly on the abbreviation and lo-
cal term structure. Across the network, the gap between
English and Arabic-English variants is 9.1 percentage
points for Configuration A, 7.4 points for Configuration B,
and 4.8 points for Configuration C. The clinically formal
prompt appears to reduce language-form instability, even
though it does not produce the highest pooled accuracy.

Image-quality strata reveal another hidden issue. For
high-quality images, all configurations perform similarly.

For lower-quality portable chest radiographs and low-contrast

ultrasound images, Configuration C is more conservative
and produces fewer false positives. Configuration B has
higher sensitivity but also overcalls several findings in
low-quality images. Depending on intended use, either
behavior may be preferred. The federated audit does not
declare one universally better; it exposes the tradeoff.
Retinal imaging shows a different pattern. The main
weakness is not language form but site-level prevalence
and camera variation. Nodes with national screening-
style retinal images show stronger performance than nodes
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Figure 4: Rare thoracic findings and Arabic-English variants expose the largest instability, with the clinically formal configuration

reducing both gaps enough to satisfy audit margins.

with referral retinal images. Configuration differences are
smaller than in chest radiography. This suggests that the
source of heterogeneity differs by domain. A single re-
gional average cannot represent these differences.

Abdominal ultrasound is the most variable domain.
Gallstone detection is relatively stable, but hydronephrosis
and biliary dilatation vary across nodes. Local review sug-
gests differences in image plane selection and label con-
ventions. Some sites label mild dilatation more aggres-
sively than others. Since the model receives still images
rather than full ultrasound sweeps, performance depends
heavily on whether the selected frame contains the rele-
vant evidence. The audit identifies this limitation clearly.

Musculoskeletal radiography shows strong perfor-
mance for obvious fractures and hardware but weaker
performance for subtle periosteal reaction and soft tissue
swelling. The site gap is related to case mix. Trauma-
heavy nodes contain more acute fractures, while referral
nodes include complex postoperative cases. Configura-
tion C again has the most stable performance, although
Configuration B has slightly better pooled accuracy.

The federated approval decision differs from cen-
tralized model selection. Centralized evaluation would
choose Configuration C narrowly or Configuration B de-
pending on the selected primary metric. Pooled-site re-
porting would favor Configuration B. The federated audit
selects Configuration C because it is the only configuration
meeting the site-level floor, language-equity margin, and

rare-finding safety floor simultaneously. This is the cen-
tral result of the paper: the evaluation framework changes
the governance conclusion.

5. Site Variation and Error Review

The local error reviews show that not all performance gaps
have the same cause. In the Gulf tertiary nodes, the largest
error group is subtle finding miss, especially in chest radio-
graphy and ultrasound. These sites have relatively high
image quality, so errors are often clinically difficult rather
than technical. In the Levant nodes, question misunder-
standing appears more often in Arabic and mixed prompts,
especially when colloquial phrasing is used. In the North
African nodes, image-quality limitation and label ambigu-
ity appear more frequently, particularly in portable radio-
graphs and ultrasound frames. In private network nodes,
device and anatomy confusion is more common because
the case mix includes many postoperative and follow-up
images.

These patterns matter for remediation. A language-
related error suggests prompt redesign or multilingual
model testing. Animage-quality error suggests acquisition-
aware evaluation. A label ambiguity error suggests local
annotation review. A subtle visual miss suggests model
improvement or narrower intended use. Federated evalu-
ation is useful because it does not collapse all errors into
one score.

Scidata Consortium



SDC X’

SciDataConsortium

—@— A —— B —A— C —— Node band

I I
85 x —
* * stable
S —B
;: *
g 80 |
=
3 .
g .
b .
Q
§ 75 i
=
= variable
70 |- —
| | | |
CXR usS MSK RET

Domain

Figure 5: Domain-level traces show ultrasound as the most unstable modality and retinal imaging as comparatively stable, while
configuration differences remain largest in radiography-heavy settings.

The audit identifies four recurring site-level risk pat-
terns:

. nodes with high overall accuracy but weak rare-
finding sensitivity;

. nodes with acceptable English performance but weaker
Arabic or mixed-language performance;

. nodes with strong radiography results but unstable
ultrasound results;

. nodes with low invalid-answer rates overall but ele-

vated invalid responses in Arabic prompts.

These patterns are actionable. They indicate where
further validation is needed before deployment. They also
suggest that a model might be suitable for one domain
within a hospital but not another.

The strongest example concerns Arabic-English mixed

prompts. In several nodes, clinicians commonly preserve
English abbreviations inside Arabic syntax [15]. The
model handles some abbreviations well, such as CT and
CXR, but is less stable with finding abbreviations and de-
vice terms. The issue is not simply Arabic translation. It
is the combination of Arabic syntax, English shorthand,
and local clinical habit. The federated protocol does not
try to fix the language. It reports how much the model is
affected by it.

Another important pattern concerns prevalence [16].
Some nodes have more positive examples for specific find-
ings because they are referral centers. Other nodes have
many screening or routine cases. A model with strong

performance in a high-prevalence referral node may not
have the same false-positive behavior in a low-prevalence
screening node. Conversely, a model tuned to avoid false
positives in a screening setting may miss positives in a re-
ferral setting. The audit report separates sensitivity and
specificity by node to make this tradeoff visible.

The site-level confidence intervals also matter. Smaller
nodes sometimes have wider intervals, especially for rare
findings. A low point estimate in a small node should not
be interpreted the same way as a low estimate in a large
node. The protocol therefore combines point estimates
with uncertainty and requires additional review when a
node falls below a threshold with wide uncertainty. The
goal is not to punish small sites but to avoid unjustified
confidence.

The local error review also reveals that model in-
valid responses are not evenly distributed. Most invalid re-
sponses occur in Arabic prompts that include longer phras-
ing or compound questions. The answer parser marks
these as invalid when the model gives an explanation with-
out a clear yes or no [17]. Configuration C reduces invalid
responses by using a stricter instruction. This partly ex-
plains its better site consistency. A model that answers
fluently but not in the required format creates evaluation
and workflow problems.
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Figure 6: Grouped audit risks reveal different failure modes across regional hospital types, separating image-quality, language-form,
and rare-finding weaknesses instead of compressing them into one pooled score.

6. Governance Implications

The main governance implication is that regional model
approval should not be based only on pooled performance.
A pooled score can be dominated by larger hospitals, eas-
ier cases, or better-resourced imaging environments. If a
model is intended for use across a network, weaker nodes
matter. A federated audit allows those nodes to contribute
evidence without surrendering data custody.

The second implication is that data residency con-
straints do not prevent meaningful evaluation. They pre-
vent certain forms of centralized analysis, but they do not
prevent standardized local inference, aggregate reporting,
or site-level governance. This distinction is important.
Hospitals may decline participation if evaluation requires
exporting images. They may participate if the evaluation
package runs locally and produces auditable summaries.
Federated evaluation can therefore expand the range of
institutions included in model assessment.

The third implication is that language equity should
be treated as a formal evaluation dimension. In Middle
Eastern hospitals, English-only evaluation is insufficient.
Arabic and mixed-language prompts should be tested di-
rectly. If a model performs well in English but less reli-
ably in Arabic, the audit should show that. The solution
might be prompt restriction, multilingual tuning, interface
design, or local validation. The first step is measurement.

The fourth implication is that model selection should
consider stability. A configuration with slightly lower av-
erage accuracy may be preferable if it avoids severe site-
level failures. This is a common issue in clinical gover-
nance. Average performance is not the only value. Pre-
dictability across settings also matters. The proposed au-

dit protocol makes that value explicit through site floors
and subgroup margins.

The fifth implication is that hospitals should receive
local reports, not only regional summaries. A regional co-
ordinating body may need an overall decision, but each
hospital needs to understand its own risk profile. A site
with weak ultrasound performance may restrict use to ra-
diography. A site with Arabic prompt instability may re-
quire English templates until further validation. A site
with rare-finding weakness may require human review for
those targets. Federated evaluation supports this local tai-
loring.

The sixth implication concerns accountability. If a
model is evaluated only centrally, local hospitals may not
know whether the evidence applies to them. If each hospi-
tal evaluates alone, the region loses the ability to compare
behavior and identify systematic weaknesses. Federated
audit creates shared accountability while preserving local
control. It also creates a common language for discussing
model limitations.

There are practical requirements. Hospitals need
enough local cases, consistent labels, technical ability to
run the evaluation package, and agreement on reporting
definitions. These requirements are not trivial. Smaller
hospitals may need support. Some sites may lack adequate
labels for certain findings. The protocol should allow par-
tial participation rather than forcing unreliable reporting.
A transparent missingness report is better than low-quality
metrics.

7. Limitations and Future Work

The first limitation is that the study is simulated rather
than a live regional consortium. The hospital nodes are
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Figure 7: Local error review decomposes failure causes by node group, showing that remediation would differ across sites even when

aggregate accuracy appears similar.

designed to represent plausible Middle Eastern variation,
but real institutions would introduce additional complexity
[18]. Data access, ethics review, information technology
constraints, and local clinical priorities would affect par-
ticipation. A prospective multi-hospital pilot is needed.

The second limitation is the binary question format.
Binary VQA is useful for controlled evaluation, but clin-
ical imaging decisions often require severity, location,
comparison, and narrative explanation [19]. Federated
evaluation should be extended to structured reports and
multi-label outputs. That extension will require more com-
plex metrics and stronger local review [20].

The third limitation is that the study evaluates a fixed
model rather than local adaptation. In practice, a weak site
might adapt the model or adjust prompts after audit. The
present design intentionally separates evaluation from im-
provement. Future work should study federated evaluation
followed by site-specific remediation and re-audit.

The fourth limitation is language coverage. The
study includes English, Arabic, and mixed Arabic-English
forms, but Middle Eastern hospitals are multilingual be-
yond these categories. Urdu, Hindi, Persian, Turkish,
French, and other languages may appear in clinical com-
munication depending on country and workforce [21]. Fu-
ture evaluations should expand language coverage where
relevant.

The fifth limitation is label heterogeneity. Local
labels may differ because of reporting style, diagnostic

thresholds, or available follow-up. The protocol includes
error review and uncertainty intervals, but it cannot fully
solve label inconsistency. Future federated audits should
include label harmonization exercises and targeted adjudi-
cation for disputed findings [22].

The sixth limitation is that aggregate reporting can
still hide some case-level failures. Federated evaluation
protects data custody, but it restricts central analysis. One
possible extension is privacy-preserving case review, where
sites share de-identified error exemplars only after local
approval. Another is secure enclave review or federated
analytics with stronger privacy guarantees. These ap-
proaches require technical and legal development.

The seventh limitation is operational burden [23].
Running local evaluation packages and reviewing errors
takes time. Hospitals with limited research infrastructure
may find participation difficult. A regional evaluation net-
work would need funding, technical support, and clear
governance. The protocol is feasible, but feasibility is not
automatic.

Future work should implement a real federated eval-
uation pilot across hospitals in at least three Middle East-
ern countries. Such a pilot should test legal agreements,
local execution, reporting templates, and governance in-
terpretation [24]. It should also study how clinicians use
the resulting reports. A technically sound audit is useful
only if decision-makers understand and act on it [25].

Scidata Consortium
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Future work should also examine dynamic monitor-
ing. A model that passes a federated audit at one time may
drift as imaging equipment, patient populations, or clin-
ical language changes. Periodic federated re-evaluation
could identify when a model needs updating [26]. This is
especially relevant in fast-growing health systems where
hospital workflows change rapidly.

Another direction is patient-group analysis. The
Middle East includes citizens, long-term residents, mi-
grant workers, refugees, and medical tourists. Disease
prevalence and imaging pathways may differ across groups.
A responsible evaluation should examine whether model
behavior differs across clinically relevant populations, while
protecting privacy and avoiding stigmatizing reporting.
Federated methods may help because sensitive subgroup
analyses can remain local.

Finally, future work should connect federated evalu-
ation with procurement. Hospitals and ministries increas-
ingly need evidence before adopting Al tools. A federated
audit report could become part of procurement require-
ments, ensuring that vendors demonstrate performance
across local sites and languages rather than presenting
only external benchmark results. This would make evalu-
ation more relevant to actual use.

8. Conclusion

Our study presented a federated evaluation framework for
medical vision-language binary question answering across
Middle Eastern hospital data residency settings. The study
focused on a practical constraint: many hospitals cannot
centralize clinical images, yet regional governance still re-

quires evidence about how a model behaves across institu-
tions [27].

The empirical simulation showed that centralized
and pooled reporting can obscure site-level weaknesses.
A model configuration with strong average accuracy may
still perform poorly in certain hospital nodes, rare findings,
image-quality strata, or Arabic-English question forms.
The proposed federated audit protocol exposes these dif-
ferences through standardized local evaluation, aggregate
reporting, site-level thresholds, and subgroup analysis.

The Middle Eastern setting highlights the impor-
tance of institutional and linguistic variation. English,
Arabic, and mixed clinical language forms can produce
different model behavior. Imaging practice and patient
mix also vary across hospitals. Evaluation methods that
ignore this variation risk approving models on evidence
that does not generalize to all intended sites.

Federated evaluation is not a complete safety so-
lution. It depends on local label quality, shared metric
definitions, adequate participation, and meaningful gov-
ernance thresholds. It cannot replace clinical review or
prospective validation. Its value lies in making distributed
evidence usable when raw data cannot be pooled.

The central conclusion is that medical vision-language
model evaluation should match the governance reality of
the health system. In Middle Eastern hospital networks,
where data residency, multilingual practice, and institu-
tional diversity are central, federated audit offers a practi-
cal path toward more transparent and locally accountable
model assessment.
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