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Abstract. E|

Al-based disease severity estimation in ulcerative colitis (UC) could sub-
stantially improve the detection of treatment effects in clinical trials.
Their real-world deployment, however, is hampered by the lack of uncer-
tainty models that can defer difficult cases to experts without eroding
the treatment-effect sensitivity gains provided by Al scoring. Motivated
by the weak labels and distributional shifts common in endoscopies from
large, multi-site trials, we identify Quantile Regression (QR) as a princi-
pled strategy for selective regression. QR is distribution-free, yields inter-
pretable uncertainty intervals, and accommodates non-Gaussian errors.
We compare four single-model uncertainty approaches and ensembling
on four large multicenter UC clinical-trial datasets. To our knowledge,
this is the first study evaluating selective regression for trial-level deci-
sion making in UC trials. We evaluate selective behavior using MSE,
RC curves, and trial-level treatment-effect size (Hedges’ g) for dose se-
lection and go/no-go decisions. Despite being a single model, QR consis-
tently matches or competes with ensembles while reducing M SE relative
to an uncertainty-agnostic baseline. Crucially, in a deployment-realistic
dual-score deferral setting where uncertain Al scores are replaced by less
treatment-sensitive expert scores, QR is the only method that increases
Hedges’ g over the baselines, showing that uncertainty-aware deferral
preserves or improves Al treatment-effect sensitivity. These gains per-
sist when up to 256% of cases are deferred, supporting QR as a reliable
uncertainty-aware approach for disease-severity estimation in large-scale
UC trials.

Keywords: Endoscopy - Uncertainty estimation - Reliable AI - Ulcera-
tive Colitis (UC) - Quantile Regression (QR).
1 Introduction

In UC trials, clinical remission, typically defined using composite scores that in-
clude the Mayo Endoscopic Subscore (MES) [32], is the primary efficacy endpoint

1 ¥ Equal contribution as last authors.
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on which dose selection and go/no-go decisions for advancing drug candidates
ultimately rest. Endoscopy videos acquired in trials are graded using ordinal
MES (0-3), assigned at the video level from the single worst severity colonic
location, making it insensitive to subtle changes. Because grading is time con-
suming, costly, and subject to inter rater variability [2], trials rely on both local
and central readers with adjudication, increasing cost and delaying readouts,
particularly in large scale studies involving thousands of videos. This directly
impacts the statistical power of the trial, motivating automated scoring that is
accurate and sufficiently reliable for downstream decision making.

Recent efforts to automate MES grading [6] rely on ordinal labels from cen-
tral readers. Because these labels are assigned at the video level, the task is
weakly supervised and affected by class imbalance. To address this, newer ap-
proaches [7I3125] shift to continuous MES (CMES) estimation, reframing the
task as regression. CMES targets, defined as the mean of two expert scores, im-
prove sensitivity to subtle changes, making automated estimation promising for
reducing labeling burden and accelerating trials. However, endoscopic video anal-
ysis remains challenging, as videos are long and heterogeneous, many frames are
ambiguous, and video-level labels carry reader noise. These factors give rise to
complex error structures not captured by standard evaluation metrics. Moreover,
because CMES is an averaged ordinal scoring, the associated uncertainty reflects
the expected error of a continuous estimate rather than a calibrated probability
over discrete grades, which is precisely the quantity required to decide whether
a video should be scored automatically or deferred to an expert.

For clinical deployment, accuracy alone is insufficient. Models must identify
potentially erroneous predictions and defer such cases to clinicians [5]. Selective
regression [I811], defined as abstaining when uncertainty exceeds a threshold,
serves as a critical safety mechanism but remains under explored for continu-
ous targets. Its evaluation requires metrics that jointly capture estimation error
(MSE) and coverage, commonly visualized using Risk Coverage curves. Recent
evidence shows that post-hoc selectors underperform methods with inherent un-
certainty estimation, motivating uncertainty-aware models [17]. While prior work
benchmarks selection on public datasets [13], its trade offs in large multi-site clin-
ical trials remain unexplored. Crucially, the impact of selective scoring on trial
level treatment effect estimation has not been addressed, despite its importance
for dose selection and go/no-go decisions during drug development [12].

Motivated by the weak labels and distributional shifts inherent in multi-site
UC trials, which lead standard regression models to produce unreliable and high
variance predictions, we identify Quantile Regression (QR) [21l22] as a robust,
distribution free strategy for selective CMES estimation. QR accommodates het-
eroscedastic and non-Gaussian errors and provides interpretable prediction in-
tervals without parametric assumptions. These properties enable a selective ab-
stention workflow that defers high uncertainty cases while preserving confident
automated outputs. Rather than disentangling epistemic and aleatoric uncer-
tainty, which is unreliable in multi-site clinical data, due to scale and complexity,
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Fig.1: Proposed uncertainty-aware deployment framework. For each video, an
AT model predicts a CMES score with uncertainty; confident cases are accepted
and uncertain ones are deferred to clinicians. Combined scores across deferral
fractions (e.g., 5%) are used for treatment-effect estimation (Hedges’ g).

we adopt a holistic deployment perspective where a single interval-based signal
captures uncertainty and flags difficult cases to experts.

We evaluate QR against a comprehensive suite of uncertainty quantification
methods, including MC Dropout [10], Deep Evidential Regression [3], Mean—
Variance models [I4], and Deep Ensembles [23], across four large multi-site UC
trials. Our results show that QR is the only single model method that matches
or exceeds ensemble performance at key operating points on Risk Coverage (RC)
curve. Crucially, QR is also the only method whose deferral policy increases the
trial-level treatment-effect size, measured by Hedges’ g [I5J16], beyond both man-
ual MES and an uncertainty-agnostic CMES baseline [6], strengthening go/no-
go and dose-selection decisions in settings where uncertain cases are deferred to
clinicians. This links uncertainty estimation to trial-level decision making.

We identify and validate QR as an effective, distribution-free approach for
selective UC disease severity estimation. Our contributions are: (1) to our knowl-
edge, the first study to evaluate selective regression for trial-level decision making
in UC trials, demonstrating that QR-based deferral of uncertain cases preserves
and improves the treatment-effect sensitivity of Al scoring in a dual-score setting
relevant for dose selection and go/no-go decisions; (2) a systematic comparison
of uncertainty estimators under a deployment-realistic protocol, including RC
analysis, validation to test threshold transfer, and multi-seed robustness across
four large multi-site trials; and (3) a computationally efficient, clinically deploy-
able workflow that reduces reader burden while supporting trial-level decisions.

2 Methods

2.1 Task definition

Given an endoscopic video x € X from a multi-site UC clinical trial, represented
as a variable-length sequence of T frames, * = {x;}]_,, the goal is to learn
a regression model that estimates the continuous Mayo Endoscopic Subscore
(CMES) y € [0, 3], defined as the average of MES scores from two expert raters.
Continuous targets retain finer severity grades than the ordinal 0-3 scale and are
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more sensitive to subtle mucosal change, but they also make prediction errors
continuous valued, so a usable per video uncertainty estimate is essential for
safe deployment. Beyond a point estimate fy(z) € R, the model must output
an uncertainty score us(z) € R>o (e.g., estimated variance, interval width, or
ensemble variance across models) that serves as a selection statistic for deferral
to experts in uncertain cases.

2.2 Selective regression

Selective regression [I8/TT] lets a model abstain when uncertainty exceeds a
threshold 7. Given a regression model fg : X — R and uncertainty score uy :
X — R, the selective predictor is:

_ _ {fg(x), if up(z) <,

(@) (1)

abstain, otherwise.

For a test set of N videos, coverage (Cov) and selective M SE at threshold 7 are
N

N UFL;) ST i — €Z; 2
Cov(r) = %ZH{W(%‘) < 7}, MSE(r) = Zi_lﬂ{z / H){;f( i,()y< T{a( )

)

(2)
where I{-} is the indicator function and M SE(7) is computed over the retained
set. Plotting MSE(7) against Cov(7) yields the Risk—Coverage (RC) curve. When
higher wus(x) correlates with larger error |y — fg(x)|, abstention preferentially
removes high error cases and lowers selective M SE, enabling deferral of difficult
videos to experts. A useful uncertainty score must therefore rank videos by likely
error so that reducing coverage removes high error cases efficiently. We also assess
how thresholds selected on validation transfer to unseen test data (val—test).
Next we describe the estimators used to produce u for the policy in Eq. .

2.3 Quantile regression (QR)

QR [21122] estimates conditional quantiles of the CMES distribution, producing
interpretable predictive intervals without parametric assumptions. We train a
network to predict quantiles g, (z) at specified levels (e.g., ar, = 0.05, ay = 0.95)
using the Pinball loss [28]. For residual r = y — o (),

{ar if r >0,

Lalr) = (a—1)r ifr<o.

(3)

For two target quantiles, the total quantile loss is Lq.,.,, = Lo, (Y — Gu,, (z)) +
Loy, (y — Gay (z)). To encourage accurate point estimates, the model includes
a third output p(z) trained as the mean CMES regression via an Lo penalty,
giving Liotal(%,y) = A Loy, + MSELoss(y, u(x)), where X is selected on the val-
idation set. We define the uncertainty score as the interval width us(z) =
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Gay () — da, (x), where wider intervals indicate greater uncertainty. As a distri-
bution free method, QR captures input dependent uncertainty without a fixed
noise model, accommodating heavy tailed errors and label noise with minimal
computational overhead. This is well suited to multi-site trials. By estimating
conditional quantiles rather than assuming homoscedastic Gaussian noise, QR
adapts interval width to local prediction difficulty, widening intervals for ambigu-
ous or out of distribution videos. Unlike sampling or ensemble based estimators,
it requires a single forward pass and produces an uncertainty score that is di-
rectly interpretable for deferral and clinical triage.

2.4 Compared uncertainty methods

We compare five uncertainty estimators, each providing a score u(z) that drives
abstention (deferral) in Eq.

(i) Monte Carlo Dropout [10] (MCD) performs M stochastic passes to
obtain samples {fs(z)™}M_, and uses the sample variance as us(z).

(ii) Mean—Variance Gaussian models [14] (MV) predict u(x),o?(x) via
Gaussian NLL and use o(z) as us(x).

(iii) Deep Evidential Regression [3] (DER) predicts NIG parameters
(u, v, 0, B) and uses us(z) = \/Varpred (), where Varpeq = %(1 +1).

(iv) Deep Ensembles [23] (Ens.) aggregate M independently seeded models
and use the standard deviation of their predictions as uy(z).

(v) We apply the same ensembling strategy to QR models (QR Ens.), com-
bining the mean interval width and across-model standard deviation as us(x) to
assess whether ensembling improves upon a single QR model.

MCD and Ens. primarily capture epistemic uncertainty, while MV, DER,
and QR capture aleatoric uncertainty, although this distinction often blurs in
large-scale, real-world settings, as shown in prior evaluations [T920/17].

3 Experiments

Dataset. For model development, we use four multi-site UC clinical trial datasets
(VEGA[9], JAKUCJ29], UNIFI[30] and ASTRO|24]), totaling 5,918 endoscopic
videos. The score distribution is naturally skewed: screening-stage enrollment
over-represents moderate to severe disease (MES 2-3) and includes fewer normal
to mild cases (MES 0-1; e.g., 170 of 809 videos in unseen ANTHEM-UC/I] trial),
which we relate to estimated uncertainty in Sec. |4} Data were split at the patient
and video level into 60%/20%/20% train/validation/test. Evaluation uses four
test sets: 20% hold-out splits from Trials UNIFI and ASTRO (in distribution)
and two fully unseen trials QUASARPh2b[27] and ANTHEM-UCI] (to assess
generalization under distribution shift). The UNIFI and ASTRO hold-out test
sets contain 153 (~650k frames) and 587 videos (~7.1M frames), while unseen
trials QUASARPh2b and ANTHEM-UC contain 614 (~14M frames) and 809
videos (>21M frames).
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Baseline regression model. Following ARGES [0], we use a ViT-B back-
bone [§] pretrained via DINOv2 [26] on ~61M endoscopic frames for frame-
level feature extraction. These features are processed by a transformer block for
temporal modeling, followed by an attention-based multiple-instance learning
layer that aggregates frame-level representations into a video-level embedding.
A method-specific prediction head is then used to produce the final video-level
output. The CMES estimate is therefore produced directly from the aggre-
gated video-level embedding rather than by averaging frame-level predictions
or uncertainty-weighted frame scores. Models are trained for 30 epochs using
MSE loss, weighted sampling, a learning rate of 10~%, and weight decay of 107°.
Dropout rates of 0.25 and 0.5 are applied in the transformer layers and final
prediction head, respectively.

Uncertainty extraction. For each method (Sec. , we compute a per-video
uncertainty score uy(z), using validation set for threshold selection and test set
for evaluation. For QR, model predicts two quantiles (ay, = 0.05, ay = 0.95)
and a CMES estimate p, trained with Pinball and MSE losses; interval width
defines uy(x). MCD uses T' = 40 stochastic passes with dropout rates of 0.25
and 0.5 retained in the transformer layers and prediction head, respectively, and
computes sample variance. MV models predict p(x) and log 0?(z) via Gaussian
NLL, using o(z) as uncertainty. DER predicts NIG parameters, with us(x) as
square root of predictive variance. Ensembles use M = 5 independently initial-
ized models and define uncertainty as prediction standard deviation. We also
evaluate a QR ensemble (QR Ens), where uncertainty is the sum of mean QR
interval width and ensemble standard deviation, to assess whether ensembling
improves over a single QR model.

Evaluation protocol. We rank test samples by us(x) to generate RC curves
with M SFE as risk, and report selective M SFE at fixed operating points. Cali-
bration coverage. For QR, we additionally evaluate interval calibration. Given
lower and upper quantile predictions (¢q, , ¢y ), calibration coverage is computed
as the proportion of samples whose ground-truth CMES score falls within the
predicted interval. For a well-calibrated model, the empirical coverage should
closely match the nominal coverage level. Ground-truth labels are the mean of
two readers, except for ANTHEM-UC trial (single rater available). We report
consistent coverage levels (0.8, 0.9) across experiments for direct comparison be-
tween RC curves and tabulated operating points. For threshold generalization
(val—test), we select T on validation and apply it to test set, reporting differences
on ANTHEM-UC, largest unseen trial. Treatment effects on ANTHEM-UC are
computed using per-subject change scores A = scoreweck12 — SCOr€Weecko, Where
more negative values indicate greater clinical improvement. Hedges’ ¢ is com-
puted under the evaluated scoring scheme: manual MES, AT CMES, or hybrid
AT CMES-+human deferral. For each active dose, we compare against placebo
using Hedges’ ¢ [15]. With placebo/treatment means, variances, and sample sizes

(Xp, s, np) and (X, 8%, nr), the pooled SD is S, = \/(npfl)S%HnTil)s%, and

_ _ np+nt—2
g =J(Xp—X71)/Sp, where J is the small-sample correction. Hedges’ g is a bias-
corrected standardized mean difference commonly used to quantify treatment—
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Fig. 2: Risk—coverage curves showing selective M SE across coverage levels. QR
and QR Ensembles achieve the lowest MSE at most coverage levels.

placebo separation in trials, supporting dose selection and go/no-go decisions [7];
positive g reflects greater improvement over placebo. Because g depends on both
mean separation (Xp—Xt) and pooled std dev Sp, we examine whether observed
gains are accompanied by preserved or improved treatment—placebo separation
rather than variance reduction alone. We further test robustness under deploy-
ment by replacing the most uncertain Al scores with ordinal expert MES scores
(Fig.[1] Table[2)). As a control experiment, we also replace the same proportion of
AT predictions selected uniformly at random, allowing us to determine whether
improvements stem from uncertainty-guided identification of challenging cases
rather than score replacement alone. All experiments are repeated with multiple
seeds and folds; we report mean and standard deviation.

4 Results

Fig. 2] shows RC curves for each trial. QR is comparable to QR Ens. and consis-
tently attains the lowest or second-lowest selective M SE across most coverage
levels. Table [I| reports representative operating points: full coverage (standard
MSE, with ARGES baseline) and reduced-coverage settings quantifying selec-
tive gains. QR also exhibits slightly lower M SE than the ARGES baseline at
full coverage. While both methods share the same backbone and video aggre-
gation architecture, the additional quantile objectives may provide a regulariz-
ing effect that encourages more robust feature learning and modestly improves
CMES estimation accuracy. UNIFI test set elevated low-coverage variability re-
flects its small 20% hold-out set (153 videos), where retaining only the most
confident samples leaves few cases; this effect disappears on the larger unseen
trials QUASARPh2b and ANTHEM-UC. Across seeds and folds, QR is the most
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stable estimator (standard deviation = 0.01 vs. 0.02 for the next-best method).
We further verified via calibration-coverage [4] that QR attains 90-95% cover-
age across datasets, indicating well-calibrated intervals aligned with empirical
uncertainty.

The val—test experiment (Fig.|3)) evaluates whether validation-selected thresh-
olds generalize to the largest unseen ANTHEM-UC trial. For each method, we
select the threshold at target validation coverage (0.9, 0.8, 0.7), apply it to the
test set, and compute ACovVyal_test and AMSE a1_test; points nearer the ori-
gin indicate better transfer. QR shows smaller shifts than most methods and
performs comparably to ensembles, indicating reliable generalization.

Among the top 10% most uncertain ANTHEM-UC trial videos deferred by
QR (81 of 809), 43 belong to the under-represented normal/mild disease classes
(MES 0-1), reflecting class imbalance, while the remaining cases correspond to
moderate-to-severe disease (MES 2-3) and are often associated with low video
quality or ambiguity near ordinal score boundaries. This suggests QR interval
width tracks predictive difficulty rather than label frequency alone. Since these
factors mix aleatoric and epistemic sources that are difficult to separate at real-
world scale, we use interval width as a holistic deferral criterion. While practical,
this formulation does not explicitly disentangle aleatoric and epistemic uncer-
tainty. Additionally, our expert-deferral analysis is retrospective and simulated
rather than prospectively evaluated in a clinical workflow, which will be investi-
gated in future studies.

In Table [2| we quantify drug—placebo separation on unseen ANTHEM-UC
trial using Hedges’ g, comparing QR against human MES, ARGES CMES base-
line, and deep ensembles, the most competitive alternative. QR attains the high-
est g for both doses and is the only single-model method to improve over the
uncertainty-agnostic ARGES baseline; asterisks denote significance by Student’s
t-test [33]. In a simulated deployment, replacing the top 5%, 15%, and 25% most
uncertain CMES predictions with human MES preserves and generally improves
treatment-effect separation, peaking at 15% deferral. In contrast, randomly re-
placing the same fraction of predictions consistently yields lower Hedges’ g values
for both dose groups. These results indicate that the gains arise from identify-
ing genuinely challenging cases for expert review rather than simply mixing Al
and human scores. Importantly, the uncertainty-based deferral strategy main-
tains treatment—placebo separation well above the manual-MES baseline even
at higher deferral rates and supports clearer differentiation between doses, po-
tentially facilitating dose selection (200mg over 400mg). Furthermore, the gains
are unlikely to arise from a simple smoothing or variance-reduction effect: if im-
provement were driven primarily by variance reduction, replacing uncertain Al
scores with discrete expert MES, particularly at random, would be expected to
move the effect size toward the MES baseline. Instead, uncertainty-based deferral
preserves or improves Hedges’ g and consistently outperforms random deferral,
suggesting that QR uncertainty estimates capture clinically meaningful predic-
tion uncertainty and can be used to selectively route difficult cases for expert
assessment.
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Table 1: Operating points from Fig. Fig. 3: Validation-to-test differences
MSE at full coverage (1.0) and reduced  in coverage and M SE using uncer-
coverage levels (0.9, 0.8) on the test set. tainty thresholds selected on the val-

QUASAR ANTHEM idation set at target coverage lev-

Trials: UNIFT ASTRO  Ph2b -UC  els. Results are shown for unseen
Method MSE (}) on coverage 1.0 ANTHEM-UC trial.
ARGES 4094 o5 4094 04 .3354 .04 .486+ 05 Val vs Test differences in coverage and MSE at validation thresholds.
MCD .382i,04 .313i,04 .369i_05 .427i_05 00 . Mg:*'
MV .354:(:,05 .324:(:_04 .343:(:_04 '430ﬂ:.05 . :E:
DER 361406 -387+.05 .358+.05 4611 06 . s o
Ens. .340i.02 .327i.02 .315i.02 .427i.03 é " ® ORE
QR Ens. .3404 01 299+ 01 .3264 .01 -3994 02 01 °
QR 3514+ 01 .316+.01 .383+.01 .4304.01 = ° X m

MSE (/) at coverage 0.9 g X

@ m

MCD 4074+ 05 3354 .04 4044 o6 4664 6 H
MV 321405 333104 .3654.05 440105
DER 23084+ .06 345405 .348+.05 434106 S
Ens. .312:&‘03 .313:&‘02 .284i‘02 .399i‘03 g,nz
QR Ens.  .2804 .01 -285+.01 .285+.02 -3591 02
QR 3274+ 01 .2934 .01 323+ .01 399+ .01 °

MSE (J) at coverage 0.8
MCD 4004+ 05 .3584 .05 .4424 06 507+ .06
MV 348+ .05 3484 .04 .3944.05 466+ .05 T Covemmgediterence vl coverage - Testeoveroge)
DER 2974+ 06 .3464 05 .359+ .05 .416+ 06
Ens. 3294 03 303102 .2614 02 -390+ 03
QR Ens. 275101 .262+.01 -2534.02 3434 01
QR .2634 01 .2644 .01 -287+.02 382+ .02

Table 2: Hedges’ g (1) on the unseen ANTHEM-UC trial, comparing treatment
doseages (200mg and 400mg) versus placebo (Pbo). QR improves treatment—
placebo separation over human MES, ARGES, and ensemble baselines. In a
simulated deployment, the top % most uncertain QR predictions are replaced
with human MES (uncertainty-based deferral). For comparison, the same propor-
tion of predictions is replaced at random (random deferral). Uncertainty-based
deferral preserves or improves treatment-effect separation, whereas random de-
ferral does not maintain these gains beyond 5% deferral (x indicates statistical
significance).

Uncertainty-based Random
Hedges’ g (1) Deferral (QR) Deferral
Dose MES ARGES Ens. QR Ens. QR || 5% 15% 25% 5% 15% 25%

200mg VS Pbo| .55 S734% 0 T06* TR .742%|.768* .81*%  .733*% ||.723* .661 .607
400mg VS Pbo| .53 .659%  .643*  .656*  .66T7*||.650* .769* .710*% ||.632* .625 .640

5 Conclusion

We advocate QR as a practical, distribution-free uncertainty method for se-
lective CMES estimation. Across four clinical trials, QR matches multi-model
ensembles on RC curves, reduces selective M .SE versus an uncertainty-agnostic
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CMES baseline, and is the only method that increases Hedges’ g, supporting
go/no-go and dose selection decisions. Its val—test threshold transfer is reliable,
and gains persist under a human-in-the-loop deferral policy. We treat uncertainty
holistically rather than explicitly disentangling uncertainty sources, linking high
uncertainty to data imbalance and video difficulty in real-world trial data. Over-
all, QR provides uncertainty estimates that support robust trial-level decision
making in deployment settings.

Disclosure of Interests: Sara Sangalli contributed to this work during an
internship at Johnson & Johnson. All other authors were employees of Johnson
& Johnson at the time this research was conducted and may own Johnson &
Johnson stock or stock options.
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