MICCAI

Local Audit Certification of Transferred Medical
Imaging Models in Resource-Constrained Settings

Sita Bissu', Navnit Kumar Yadav', Aparna Mehra', and Sandeep Kumar?

! Department of Mathematics, Indian Institute of Technology Delhi, New Delhi, India
maz238455@maths.iitd.ac.in, navnitydv@gmail.com, apmehra@maths.iitd.ac.in

2 Department of Electrical Engineering, Indian Institute of Technology Delhi, New
Delhi, India
ksandeep@iitd.ac.in

Abstract. A clinic in a resource-constrained setting often cannot retrain
a medical-imaging model; it adopts a frozen pretrained or foundation
model and must decide whether that model is safe on its local patient
population. We frame this post-transfer decision as local-audit certifica-
tion: from a small labelled audit and a bounded clinical loss, the site
obtains a one-sided, finite-sample, distribution-free upper certificate on
the deployment risk of the fixed predictor. The certificate can be com-
pared with a local acceptable-risk threshold to decide whether to deploy,
collect more labels, or reject the transfer. We instantiate the protocol
with an empirical-Bernstein certificate, give a variance-adaptive audit-size
statement, add a finite-sample Kullback—Leibler distributionally robust
optimization (KL-DRO) margin over one-dimensional loss laws for audit—
deployment mismatch, and give a two-point lower bound showing that
the leading variance-dependent slack is unavoidable up to constants. On
real diabetic-retinopathy transfer (EyePACS«+>APTOS), the certificates
are valid, become sharper with audit size, and quantify the robustness
budget needed to cover a genuine cross-cohort shift.

Keywords: Transferred medical-imaging models - Risk control - Distri-
bution shift - Diabetic retinopathy - Resource-constrained settings.

1 Introduction

The dominant way medical imaging Al reaches a resource-constrained setting
(RCS) is by transfer: a site adopts a model trained elsewhere—a foundation model
with public weights [21], or a network trained on a large high-income-country
cohort—and applies it locally. The model is effectively frozen, since there is
neither the data nor the compute to retrain it, and often no on-site engineer.
The clinically decisive question is therefore not “can we build a better model?”
but “is this particular frozen model safe to use on our patients?”, and it must be
answered under the defining RCS constraints: the local population differs from
the source population (scanners, demographics, disease spectrum, image quality),
and local labels are scarce and expensive.
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This perspective treats transfer as a certification problem rather than a
modelling problem. The goal is not to adapt the external predictor, but to upper-
bound the realised risk of a fixed model on the local deployment distribution.
The guarantee is finite-sample, distribution-free, and explicitly quantifies the
local labelling needed for deployment. Given an acceptable risk threshold «, the
certificate becomes a deployment rule: use the frozen model only if the certified
upper risk is at most a; otherwise collect more labels or reject the transfer.

Our contributions are:

1. We formulate frozen-model transfer in resource-constrained medical imaging
as a local audit certification problem: given a fixed external model and a small
labelled local audit, certify an upper bound on deployment risk (Sec. 2).

2. We instantiate this protocol with a one-sided empirical-Bernstein certificate
that is finite-sample, distribution-free, and valid for any bounded clinical loss
(Sec. 3.1).

3. We show that the certificate is variance-adaptive: when the transferred model
has low local error, the required audit size can be substantially smaller than
variance-blind worst-case bounds (Sec. 3.2).

4. We extend the protocol to audit—-deployment mismatch using a finite-sample
KL-DRO margin over the one-dimensional loss law, avoiding density-ratio
estimation in high-dimensional image space (Sec. 3.3).

5. We validate the protocol on real cross-population diabetic-retinopathy transfer
between EyePACS and APTOS, showing valid coverage, shrinking certificates
with audit size, and the robustness budget needed to cover a real cross-cohort
shift (Sec. 4).

The empirical-Bernstein estimator itself is classical [16]; our contribution is the
deployment-certification formulation, the clinic-facing audit protocol, the loss-law
robustness margin, the lower-bound perspective, and the real-data calibration of
the robustness budget.

Relation to prior work. Transferred and foundation medical-imaging models are
increasingly reused across clinical sites, but source-domain performance alone does
not provide a finite-sample certificate of target-site safety [13,3,21]. Conformal
prediction and conformal risk control provide finite-sample, distribution-free
guarantees under exchangeability [4, 1], while training-conditional perspectives
clarify guarantees when the fitted model is held fixed [5]. Prediction-powered
inference uses small labelled sets with unlabelled data but typically assumes a
shared distribution [2]. Robust validation and covariate-shift methods address
shift, often through density-ratio or feature-space assumptions [8, 6]. Our focus
is different: we certify the local deployment risk of a frozen transferred imaging
model from a small labelled audit, and robustify over the one-dimensional loss
law rather than the high-dimensional image distribution.

2 Problem setup

Fix a measurable predictor f : X — A (the frozen transferred model, with
prediction space A) and a loss £: A x ) — [0,1], e.g. 0/1 misdiagnosis loss or
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a clipped clinical cost. Let @ be the local deployment distribution on & x ).
The object to be certified is the deployment risk Rq(f) = E(x y)~q[¢(f(X),Y)].
Given confidence (1 — 0) and the data available at the site, n local labelled cases

(X:, Y, id Q, we seek a statistic U with

P[Ro(f) <U] >1-34, (1)

where the probability is over the local sampling with f held fixed (a training-
conditional guarantee [5]), and the bound is distribution-free: it holds for every
@ subject only to ¢ € [0, 1]. Two questions follow. First, how few local labels
suffice for a useful certificate? Second, what happens when the audited population
is not exactly the future deployment population? We answer the latter with a
distributionally robust margin over loss laws. This margin avoids covariate-shift
modelling and density-ratio estimation in high-dimensional image space, but its
guarantee is conditional on the future deployment loss law lying inside the chosen
KL radius.

Audit-sampling assumption. The plain certificate requires the labelled audit
cases to be sampled from the same patient stream that the clinic intends to
deploy on, with the predictor f fixed before the audit labels are examined. Thus,
representativeness is a sampling requirement rather than an assumption that
the source and target populations are identical. Systematic audit selection—for
example, preferentially labelling easier cases, higher-quality images, or patients
already referred to specialist care—can invalidate the i.i.d. certificate. The KL-
DRO extension in Sec. 3.3 relaxes exact audit—deployment equality at the level of
the induced loss distribution, but only when the future deployment loss law lies
within the specified KL radius. In practice, the audit protocol should therefore
document its eligibility criteria, sampling window, exclusions, and intended
deployment population.

3 Method and guarantees

Clinic-facing protocol. The workflow is as follows: fix the external predictor f
before using audit labels; label n local cases; compute bounded losses Z; =
U(f(X;),Y;); evaluate the empirical-Bernstein certificate U=B; optionally replace
it by the KL-DRO certificate T/]\ff% 4 when audit—deployment mismatch is sus-
pected; and deploy only if the selected certificate is no larger than the clinic’s
acceptable risk threshold a. Otherwise, the audit recommends collecting more
labels, recalibrating, retraining, or rejecting the transfer.

Worked example. To make the decision rule concrete, suppose a clinic audits
n = 200 local cases and obtains empirical loss R,, = 0.10 and sample variance

V. = 0.04. At 90% confidence (6 = 0.10), Eq. (2) gives

2(0.04)In(20)  71n(20)

UEB = 0.10
" * 200 3(199)

~ 0.170.
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If the clinic has pre-specified an acceptable-risk threshold a = 0.20, this audit
supports deployment under the i.i.d. audit—-deployment assumption because
0.170 < 0.20. If instead o = 0.15, the model is not certified for deployment
and the clinic should collect additional labels or reject the transfer. When a
mismatch between the audited and future deployment populations is plausible,
the KL-DRO certificate in Sec. 3.3 is used instead.

3.1 The deployment certificate

Write Z; = ((f(X:),Y:) € [0,1], R, = n~ '3, Z;, and let V,, = (n —
1)~ 32" (Zi — R,)? be the unbiased sample variance. Throughout, n > 2.

Theorem 1. Let (X;,Y;)1, S Q with f fived. Then for every Q with { € [0,1],

with probability at least 1 — § over the audit draw,

. . 2V, In(2/6)  7In(2/6)

: . 2
B n 3(n—1) @)
Proof. The variables Z1,...,Z, are ii.d. in [0,1] with mean E[Z;] = Rg(f).

The one-sided empirical-Bernstein inequality of Maurer and Pontil [16] states
that for i.i.d. [0, 1]-valued variables, with probability at least 1 — §, E[Z] <

Ry, 4+ 1/2V, In(2/8) /n + TIn(2/8)/(3(n — 1)). Substituting E[Z] = Rg(f) gives
the claim. Only boundedness of £ is used, so the bound holds for every @Q; f enters
solely through the fixed map Z; = ¢(f(X;),Y:), giving the training-conditional
reading. O

Empirical-Bernstein, rather than Hoeffding [15], is useful when the model is
accurate locally: then Vj, is small and the leading slack is governed by a variance
term rather than the worst-case n~'/2 range term. Proposition 1 makes this
precise as an expected certificate-size statement.

3.2 How many local labels?

Proposition 1 (Expected certificate size). Let R := Rg(f) and L =1n(2/4).

For Z € [0,1],

2R(-R)L 7L
3(n—1)

E[U7P] < R+ 3)

Consequently, for a target a« > R, a sufficient condition for ]E[ﬁEB] < a is, up to
the lower-order O(1/n) term,

e (W

By contrast, the Hoeffding certificate R, + \/In(1/5)/(2n) requires
n 2 n(1/6)/(2(a - R)?)

at the same heuristic level.
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Proof. Taking expectations in Theorem 1, using Jensen’s inequality for the
square-root term, and using EV,, = Varg(Z) yields

2Varg(Z)L . 7L
n 3(n—1)

E[UFP) < R+

Since 0 < Z <1 and EZ = R, we have Varg(Z) < R(1 — R). Substitution gives
Eq. (3), and solving the leading term for n gives the stated sufficient scaling. 0O

Thus, in the high-accuracy regime R < 1, empirical-Bernstein can require
substantially fewer labels than a variance-blind certificate. This does not mean
that empirical-Bernstein uniformly dominates Hoeffding; the experiments below
show a crossover between the two, motivating a union-bound combination.

3.3 Robustness to audit—deployment mismatch

The certificate above assumes the audit is drawn from the deployment distribution
Q@. In practice the audited stream and the true deployment stream can differ:
early audits may over-represent patients who are easier to label, higher-quality
images, or cases already routed through specialist care. We therefore robustify
over the one-dimensional loss law. This is deliberate: the result does not require
a covariate-shift model and estimates no density ratio in image-feature space.
Let P, be the audit loss law of Z = £(f(X),Y"). Suppose the true deployment
loss law Py satisfies KL(Py||P,) < p. By the Donsker—Varadhan variational
formula and KL-DRO duality [10,12], the population KL-DRO identity is

sup Ep,[Z] = inf { Ap+ AlogEp, eZIM L 5
KL(Pal| Pa)<p nul) A>0{ P & P[ H (5)

For finite samples, the minimisation over A must be handled uniformly. We use
a finite grid 4 = {A1,..., A}t C (0,00). For each A € A, define the rescaled

bounded variable
eZ/r —1

T,\(Z)Zme[

0,1]. (6)
Let fi) and Vy be the empirical mean and unbiased sample variance of
T)\<Z1)7 s aT)\(Z’rL>

, and set

2VyIn(2m/8) ~ 7In(2m/é)

B}\((S,m):‘LLA+ n 3(n_1) .

(7)

Finally define

KL _ A _ .
Unpa —I)Tlé%l{)\p—f—)\log (1+(e 1)m1n{1,B>\(5,m)})}. (8)
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Proposition 2 (Finite-sample KL-DRO certificate). Let Z1,...,7, id P,
be audited losses in [0,1] and let A be a fized finite grid. With probability at least
1 — 6 over the audit draw, simultaneously for every deployment loss law Py with
KL(PdHPa) < P;

Ep,[Z) < Unpa- 9)

Proof. For a fixed A\, Theorem 1 applied to T\(Z) € [0,1] with confidence level
1—0/m gives Ep, [Tx(Z)] < Bx(d,m) with probability at least 1 —d/m. A union
bound gives this event for all A € A with probability at least 1 —§. On this event,

Ep, [eZ/*] =1+ (e/* = 1)Ep,[T\(Z)] < 1+ (e!/* — 1) min{1, Bx(6,m)}

for every grid value. Combining this upper bound with the variational identity in
Eq. (5) and minimising over the grid gives Eq. (8). a

The grid A is fixed before evaluating the audit certificate; in practice we
choose it log-spaced over the range of A used in the numerical dual. The radius p
is a user-chosen robustness budget. The guarantee protects every deployment loss
law inside the KL ball, but it is not intended to protect deployments whose loss
law lies outside the chosen budget. In the experiments, cross-cohort KL estimates
are used as retrospective diagnostics of the budget needed for real shifts, not as
distribution-free estimates of the unknown future KL radius.

Choosing the robustness radius in practice. Proposition 2 treats p as a pre-
specified robustness budget; it does not provide a distribution-free estimator of
the future audit—deployment divergence. A clinic may choose this budget using
historical audit-to-deployment shifts from the same workflow, evidence from
comparable sites, or a clinically specified tolerance for population change. When a
single defensible radius is unavailable, we recommend reporting Uff’]pj 4 Over a pre-
specified range of p values, thereby making explicit how the deployment decision
changes with the assumed shift budget. Importantly, selecting p adaptively from
the same audit sample is not automatically covered by Proposition 2; retaining
the stated finite-sample guarantee would require an independent calibration
source or a separate valid upper-confidence procedure for the divergence. The
real cross-cohort KL values reported below are therefore used only to interpret
plausible robustness budgets retrospectively.

3.4 A corrected two-point lower bound

Theorem 2 (Unavoidable one-sided slack). Let U,, be any one-sided certifier
that is valid at level 1 — § for all Bernoulli loss distributions. Fiz py € (0,1/2),
let 02 = po(1 —po), and set py =po +¢ < 1. If

1
n KL(Bernoulli(pg)||Bernoulli(py)) < log o (10)

then under Z; id Bernoulli(pg),

P,, (Un —po > e) > 6. (11)
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In particular, using the standard Bernoulli KL bound
KL(Bernoulli(pg)||Bernoulli(pg + ¢)) < €2 /0

for e in a local neighbourhood of py, a slack of order

o ] 108(1/9) (12)

is unavoidable up to constants whenever this local two-point construction is inside
[0,1].

Proof. Let A= {U, > p;}. Validity under Bernoulli(p;) gives P, (A°) < §. By
Bretagnolle-Huber [7],

1
Py, (A) + Py, (A°) > 3 exp{—nKL(Bernoulli(pg)||Bernoulli(p1)) }

. Under Eq. (10) this lower bound is at least 25, so Pp,(A4) > é. On A, the slack
under the true mean py is at least p; — pg = ¢; the displayed rate follows from
the local Bernoulli KL expansion. a

This modest lower bound rules out distribution-free one-sided certificates
with a uniformly smaller leading variance scale; near the boundary, the additive
O(log(1/6)/n) term in Theorem 1 is also needed.

4 Experiments

Setup and implementation. The frozen model f is an ImageNet-pretrained ViT-
B/16 [11,9] implemented with PyTorch and timm [17,19], used as a fixed feature
extractor with a logistic-regression head fit on source labels only using scikit-
learn [18]. The backbone and head are frozen before any target audit labels are
used. The task is binary referable diabetic retinopathy (International Clinical Dia-
betic Retinopathy (ICDR) grade > 2) [20], and the certified loss is the per-example
Brier score [14], Z; = (p; — Y;)? € [0,1]. We evaluate both transfer directions:
EyePACS—APTOS, using 8000 sampled EyePACS images as source and 3662
APTOS images as target, and APTOS—EyePACS, using APTOS as source and
the same EyePACS sample as target [13, 3]. For coverage, the full labelled target
cohort is treated as the finite deployment population, whose mean Brier loss is
the ground-truth Rq(f). For each n € {25, 50, 100, 200, 400, 800, 1600}, we draw
4000 audits with replacement from the target loss vector and report empirical
coverage and mean slack at § = 0.10. KL-DRO diagnostics use exponential tilts
of the audit loss law; real cross-cohort KL values are estimated from smoothed
empirical loss histograms and used only as retrospective budget diagnostics.

For reproducibility, the ViT backbone is vit_base_patch16_224 from timm;
images are processed with the standard ImageNet evaluation transform. Source
features are split stratified into a fitting set and held-out source-evaluation set,
and the logistic-regression head is trained only on the source fitting split before
being frozen.
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Table 1. Certificate validity and slack on cross-population fundus data (6=0.10, 4000
audits/cell). Coverage is P(U > Rg(f)); slack is mean U — R (f).

EyePACS—APTOS, Rgp=0.105 APTOS—EyePACS, Rp=0.174
n EB cov. EB sl. Hoef. cov. Hoef. sl. EB cov. EB sl. Hoef. cov. Hoef. sl.
25  1.000 0.405 1.000 0.215 1.000 0.458 1.000 0.214
100  1.000 0.130 1.000 0.107 1.000 0.156 1.000 0.107
200  1.000 0.077 1.000 0.076 1.000 0.096 1.000 0.076
400  1.000 0.047 1.000 0.054 0.999 0.060 0.999 0.054
1600  0.998 0.019 1.000 0.027 0.998 0.026 0.999 0.027

Distribution-free certification of a frozen transferred model (6= 0.1)

() Validity: coverage =1-6 (b) Tightness & rate (c) Prop. 2: cost scales with model error
Loo T e e

N ~e— £mp. Bernstein 012 | —o— Emp.Bemstein
as7s Hoeffding Hoeffding
2 ref
o 0950 o H
) &
g i W
§ 0925 )
g % 107
< 0900 F] %
5 0875 H A -
§ £ H
0850 ~e— Emp. Bernstein
0825 Hoeffding
nnnnnn 10.90

0.800

102 10° 102 10° 00 o1 02 o

3 o4 os
audit size n audit size n true local risk Ro(f)

Fig. 1. Certificate behaviour. (a) Coverage(cov.) is at least 1 — § on real APTOS
losses; (b) slack(sl.) contracts with audit size, with the empirical-Bernstein(EB) /
Hoeffding(Hoef.) crossover near na2300; (c) Proposition 1 illustrates variance adaptation
across risk levels.

Data use and ethical scope. The experiments use only the publicly released
EyePACS and APTOS challenge datasets and involve no new participant re-
cruitment or prospective patient data collection. Our study is a retrospective
methodological evaluation of risk-certification procedures for a fixed transferred
model. The resulting certificate should not be interpreted as replacing prospective
clinical validation, regulatory review, or site-specific clinical governance.

Population shift and certificate validity. The transferred risk changes substantially
across cohorts. EyePACS—APTOS improves from held-out source Brier 0.124
to target risk 0.105, whereas APTOS—EyePACS inflates from 0.066 to 0.174
(2.64x). Table 1 shows that empirical-Bernstein covers the true target risk in
at least 99.8% of audits against the nominal 90%. The bound is conservative at
small n, but shrinks with audit size: on the harder target, slack falls from 0.096
at n = 200 to 0.026 at n = 1600.

From coverage to deployment readiness. Table 1 can also be read as a decision-
support table: the mean certificate is approximately target risk plus mean slack.
For EyePACS— APTOS, the empirical-Bernstein certificate decreases from about
0.235 at » = 100 to 0.124 at n = 1600; for the harder APTOS—EyePACS
transfer, it remains higher, decreasing from about 0.330 to 0.200. A clinic can
compare these values with its acceptable-risk threshold a.
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KL-DRO robustness on real fundus losses (audit risk 0.066, 6 = 0.1)

(a) Robustness to shift, and its limit (b) The price of robustness
—o— mean KL-DRO bound
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Fig. 2. KL-DRO robustness. Stars mark APTOS—EyePACS (0.066 — 0.174, KL~0.09)

9

Audit-only coverage fails under tilts; KL-DRO holds within budget, with larger p yielding

looser certificates.

Empirical-Bernstein vs. Hoeffding. Empirical-Bernstein helps most when local
loss variance is small. In Fig. 1c its slack is 0.66x Hoeffding’s at risk 0.01, and the
bounds cross near 0.05; at our observed risks, Hoeffding is sometimes marginally

tighter. For a single deployed certificate we therefore use min(f]f/]g, A(?/%Cf), valid
by a union bound.

Shift-robustness on real losses. Figure 2 stress-tests Proposition 2 using expo-
nential tilts of an audited APTOS loss law. This experiment asks what happens
when the labelled audit stream is easier than the future deployment stream.
The plain audit-only bound rapidly loses coverage under tilt, whereas KL-DRO
with p = 0.05 remains valid up to its budget. The genuine APTOS— EyePACS

shift has audit risk 0.066, deployment risk 0.174, and estimated KL = 0.09; the

audit-only certificate covers it in 0% of trials, while p & 0.10 restores coverage.
This retrospective experiment illustrates the operational meaning of p: increas-
ing the robustness budget allows the certificate to tolerate progressively larger

audit—deployment shifts, at the cost of a looser upper risk bound. It should not
be interpreted as a procedure for estimating the unknown future value of p.

What the audit tells the clinic. The audit does not improve the transferred
model; it asks how large the local risk could still be, given the labelled cases
observed so far. In the easier EyePACS—APTOS direction, the certificate becomes
reasonably tight with more audit labels. In the harder APTOS—EyePACS

direction, it remains higher, warning that additional validation, local recalibration,
or replacement may be needed before deployment.

5 Discussion and RCS impact

This work formulates frozen-model deployment in resource-constrained settings
as finite-sample risk certification. The method requires only a fixed transferred
model, a small labelled local audit, and bounded per-example losses; it makes no
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parametric assumption on the deployment distribution and can be robustified with
a KL-DRO margin over loss laws when the audit stream may differ from future
deployment. After the frozen model is run on the audit images, the certificate
operates only on one-dimensional losses, avoiding target-domain retraining, GPU
optimisation, local hyperparameter search, and density-ratio estimation in high-
dimensional image space. A site can compare the certificate with its acceptable
risk threshold to decide whether the model is acceptable, whether more labels
are needed, or whether an audit—deployment robustness margin is necessary.

Scope and limitations. The plain certificate is only as credible as the audit
sampling process: its distribution-free guarantee requires the audit to represent
the intended deployment stream. Selection bias or temporal workflow changes
can therefore invalidate the i.i.d. interpretation. The KL-DRO extension protects
against audit—deployment mismatch only when the true deployment loss law lies
inside the chosen radius, and sufficiently large values of p can make the certificate
too conservative to support deployment.

The empirical study is intentionally scoped to one clinical task—referable
diabetic-retinopathy detection—and one primary certified loss, the Brier score,
evaluated across two cohorts and both transfer directions. These experiments
demonstrate the certificate mechanics under a genuine cross-population shift, but
they do not establish empirical generality across imaging modalities, diseases,
or clinical loss functions. Future validation should therefore include additional
modalities and tasks, clinically weighted losses such as false-negative-sensitive
screening costs, and conventional clinical metrics including sensitivity, specificity,
AUROC, and calibration error. The proposed framework is not a replacement
for prospective clinical validation; rather, it provides a transparent finite-sample
risk-control layer for deciding whether a frozen transferred model has sufficient
local evidence to proceed to the next stage of deployment evaluation.
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