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Abstract—Deep learning offers high performance for
radiology image classification, but relies on large, expert-
annotated datasets. Semi-supervised learning and active
learning approaches can leverage unlabelled samples and
mitigate the annotation burden. Combining these tech-
niques via semi-supervised active learning (SSAL) can
compound their benefits, yet the effectiveness of this ap-
proach may be hindered by unreliable uncertainty estima-
tion and consistency enforcement. To address these chal-
lenges, we propose Consistency-based Semi-supervised
Evidential Active Learning (CSEAL). CSEAL is a princi-
pled SSAL framework leveraging evidential learning for
reliable estimation of predictive uncertainty for consis-
tency enforcement and prioritised sampling. First, we de-
velop evidential counterparts of leading semi-supervised
methods with different consistency enforcement mecha-
nisms: Pseudo-labelling, Virtual Adversarial Training, Mean
Teacher, and NoTeacher, and demonstrate customisability
of CSEAL. Second, we introduce Noise Robust-evidential
NoTeacher, an enhancement over evidential NoTeacher,
that uses consensus principles and a small-loss inclusion
mechanism to learn with noisy annotations. In extensive ex-
periments on many X-ray, CT, and MRI datasets, we demon-
strate that CSEAL offers substantial performance gains
over competitive SSAL baselines and enhances robustness
in noisy annotation scenarios. Third, we translate CSEAL
into an annotation platform and demonstrate its value as
an aid for real-world radiology image annotation. Specifi-
cally, our CSEAL-assisted platform performs close to fully-
supervised learning with very small labelled datasets, en-
ables accurate auto-labelling, and maintains performance
even when only noisy labels from junior annotators are
available for training. Our work offers new opportunities
to enhance the efficiency of clinical image annotation and
model development workflows.
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[. INTRODUCTION

EEP learning models offer cutting-edge performance in

radiology image classification tasks [1]. However, train-
ing such models requires large-scale datasets which have been
labelled by clinical experts. In practice, annotating medical
images is a resource-intensive process and the curation of
extensive, labelled datasets is often not viable. New approaches
are emerging to reduce the annotation burden. For instance, a
targeted labelled set can be constructed using the most infor-
mative samples [2]. Alternatively, the considerable number of
unlabelled samples acquired routinely in clinical databases can
also be used for model development [3].

Active learning (AL) provides a human-in-the-loop
paradigm to incrementally query the most informative images
using an acquisition function [2]. The selected samples are
labelled by an oracle or human expert and used for model de-
velopment. This process is iterated until a target performance
or annotation budget is reached. However, models trained
on limited sets of labelled samples may overfit, leading to
the cold-start problem, where initial biases are propagated in
subsequent rounds [4].

Semi-supervised learning (SSL) leverages large unlabelled
datasets alongside small labelled sets during training to im-
prove model performance [3]. SSL methods can learn the
underlying data structure from unlabelled samples and reduce
the labelling requirements [5]. However, these methods typi-
cally construct the labelled sets via random sampling and do
not consider the feature distributions, class distributions, and
informativeness of the labelled samples used for training.

Since AL and SSL are complementary approaches, there
have been efforts to combine them to compound their benefits
and mitigate their drawbacks [4], [6], [7]. Many such semi-
supervised active learning (SSAL) approaches are consistency-
based, meaning that predictions on unlabelled samples are
matched to their targets, or informativeness of unlabelled
samples is determined based on the consistency of predictions
across augmented versions. In these SSAL approaches, the



semi-supervised component relies on point estimates of prob-
abilities (e.g., softmax) to encourage consistency, but errors
can propagate when the full distributions of the prediction
probabilities are not accounted for. Further, the active learning
component can be undermined by mismatch between the
softmax probabilities used to estimate informativeness and the
true predictive uncertainty [8]. These technical challenges are
more pronounced at lower labelling budgets, where limited
supervision constrains model training. Additionally, the utility
of SSAL approaches in addressing challenges of real-world
radiology image annotation settings is yet to be demonstrated.

A particular challenge for real-world radiology image anno-
tation tasks is that they often entail labelling errors [9]. In this
domain, the accuracy of human interpretation and the resulting
labels is impacted by image acquisition protocols, artifacts,
as well as other subjective factors — resulting in inter-rater
variability. Although iterative annotation based on multi-rater
consensus can improve label quality, it is highly resource-
intensive and often infeasible. In turn, noisy annotations can
undermine typical assumptions in AL and SSL methods, and
hamper model performance and generalisability [10], [11].
While prior AL and SSL works have individually addressed
noisy annotations [12], [13], there is limited work on noisy
annotations within the SSAL literature.

Motivated by the above challenges, we develop
Consistency-based  Semi-supervised Evidential  Active
Learning (CSEAL). CSEAL is a principled SSAL framework
to learn and leverage the predictive uncertainty alongside
the classification objective in an end-to-end manner. Our
approach leverages evidential learning [14] to map image
inputs to a distribution over the prediction probabilities,
uses this distribution to enforce prediction consistency via a
novel semi-supervised loss formulation, and simultaneously
estimates predictive uncertainty for active learning. Beyond
addressing challenges of reliable uncertainty estimation
in SSAL, our modified CSEAL loss can also be used to
address noisy annotations. The CSEAL methodology is
applicable across image modalities. We focus experiments
on three key radiology modalities. We interleave CSEAL
within a practically relevant assisted annotation process and
demonstrate its value as an aid for real-world radiology image
annotation tasks. Our main contributions are as follows:

¢ We introduce CSEAL, a unified evidential framework for
SSAL. CSEAL is formulated to support customisability
to different SSL and AL approaches. Notably, we derive
the evidential counterparts of four leading consistency en-
forcement mechanisms: Pseudo-labelling, Virtual Adver-
sarial Training, Mean Teacher, and NoTeacher. CSEAL
also enables uncertainty estimation to prioritise informa-
tive samples for labelling.

o« We perform extensive experiments with 2D and 3D
radiology image datasets spanning X-ray, CT and MRI
modalities [15]-[17]. We demonstrate that CSEAL
achieves over 90% of the fully supervised AUROC with
less than 10% labelling budget. Further, CSEAL offers
substantial performance gains over three state-of-the-art
SSAL methods, especially at lower labelling budgets and
for classes with lower prevalence.
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« To enhance robustness to label noise, we propose
the semi-supervised Noise Robust-evidential NoTeacher
(NR-eNoT) method. Specifically, we train two evidential
networks using a joint loss derived from the consensus
principle of multi-view learning. In addition to unlabelled
samples, NR-eNoT identifies and incorporates small-loss
labelled samples for parameter updates. We show that
NR-eNoT enables effective learning in noisy annotation
scenarios [18], and improves performance over the naive
evidential NoTeacher method by up to 3.7% in AUPRC.

o We develop the CSEAL-assisted Medical Expert Anno-
tation Platform (CSEAL-MEAP) and demonstrate it on a
real-world clinical brain image annotation task. We show
that our platform halves the labelling budget required
to achieve 90% of the fully-supervised performance and
enables more accurate auto-labelling than conventional
active learning. Further, even when trained solely with
noisy annotations from junior annotators, our approach
achieves a performance comparable to training with clean
annotations from senior annotators.

This work builds upon and substantially extends a pre-
liminary version of CSEAL from our previous conference
paper [19] with several novel contributions. First, we revamp
the loss function with a cross-entropy-based prediction term
aligned with the probabilistic nature of classification. We also
perform an independent scaling of the regularisation term for
enhanced learning of evidences, which provides flexibility in
emphasising the prediction accuracy or uncertainty modelling.
The new loss enables generalisability across all three key
radiology imaging modalities (X-ray, CT, and MRI). Second,
we showcase framework adaptations for both 2D and 3D input
data, and expand the evaluation to 5 datasets and 3 baselines.
Third, we introduce a versatile noise-robust SSAL approach,
and demonstrate it under varying degrees of label noise and
in practical annotation scenarios. Finally, we translate CSEAL
into an annotation platform and demonstrate its performance in
a real-world annotation task to showcase value-add in reducing
many barriers for in-house annotation. Through a theoretically-
grounded, customisable, and practical framework, our work
offers enhanced capabilities for large-scale clinical image an-
notation and label-efficient model development in radiology.

[I. RELATED WORK
A. Active Learning

Active learning (AL) aims to select informative samples for
labelling based on certain criteria such as uncertainty, diversity,
or hybrid combinations of both. Classical uncertainty-based
approaches [20] make use of model posterior probabilities,
and may not fully represent the data distribution. To address
this, diversity methods such as core-set [21]; and hybrid
approaches such as Batch Active learning by Diverse Gra-
dient Embeddings (BADGE) [22] and combined uncertainty-
diversity methods [23] have been proposed. However, these
methods require distance computations or clustering steps
which can be computationally expensive for large datasets.
Other uncertainty quantification techniques, such as Monte
Carlo dropout [24] and evidential deep learning [14], [25],
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have also been applied to medical images. We note that using
these AL techniques within supervised learning paradigms can
be prone to overfitting when labelled data is sparse (e.g., initial
annotation rounds). This pertains to the cold-start problem,
where biases from the early annotation rounds are propagated
to the subsequent rounds [4].

B. Semi-Supervised Learning

Semi-supervised learning (SSL) addresses the annotation
burden by leveraging unlabelled data [3]. Pseudo-labelling [26]
trains a supervised model with labelled samples, uses the
supervised model to predict ‘pseudo-labels’ for unlabelled
samples, and then utilises both the labelled and pseudo-
labelled sets during training. This approach is vulnerable
to the propagation of label noise [27]. Virtual Adversarial
Training [28] enhances model robustness to adversarial pertur-
bations by enforcing isotropic smoothness in the target label
distribution using a local distributional smoothness loss. Mean
Teacher [29] is a consistency-based method using a student-
teacher pair to enforce consistent predictions across augmenta-
tions. NoTeacher [30] was proposed to handle the confirmation
bias due to EMA in Mean Teacher [31]. While these SSL
methods have been successfully applied to medical images,
they construct the labelled sets via random sampling, without
considering the feature distributions, class distributions, and
informativeness of the labelled samples used for training.

C. Semi-Supervised Active Learning

Semi-supervised active learning (SSAL) has been stud-
ied mainly in computer vision. Cost-Effective Active Learn-
ing (CEAL) combined high-confidence pseudo-labelling with
uncertainty-based strategies [32], but is prone to confirmation
bias. MixMatch was integrated with AL methods such as
label propagation [33] and data summarisation [34], but its
reliance on MixUp augmentation hinders medical imaging
applications. Recent approaches focus on consistency and
augmentation-awareness. For instance, Temporal and Cyclic
Output Discrepancy (TOD+COD) compares prediction varia-
tion across training steps [6], but suffers from prediction error
propagation, also known as confirmation bias. VAT+AugVar
quantifies informativeness via prediction variance on aug-
mented samples [4], but is highly dependent on augmentation
and multiple forward passes. SSAL has also been explored
in medical imaging, UniSAL integrates pseudo-labeling, con-
trastive learning, and uncertainty-based sample selection, but
its rigid design limits generalization, especially on highly im-
balanced medical datasets [35]. Pseudo-labelling with BADGE
demonstrated effectiveness across biomedical datasets [36] but
uses a computationally expensive k-means clustering step.
BoostMIS combines adaptive pseudo-labelling, augmentation-
aware consistency, and label propagation for spinal MRI [7],
selecting samples based on instability to perturbations and
weighted entropy. However, BoostMIS requires setting of
multiple hyperparameters and depends on class-balanced sam-
pling. Overall, despite advances in consistency-based SSAL
approaches [37]-[39], the use of point estimates to encourage
consistency could limit effective sample prioritisation for
labelling and propagate errors during training.

D. Noise-Robust Learning

There are advances in the AL, SSL and SSAL litera-
ture to improve learning in the presence of noisy labels.
In AL, [12] addressed noisy pseudo-labels in histopathology
imaging. However, this single-network approach is vulnerable
to a self-confirmation loop. Further, annotation noise has been
addressed by crowd-sourcing labels [40], but obtaining labels
from numerous annotators with specialised domain expertise
is impractical in clinical applications. In SSL, robust train-
ing techniques have been employed to distinguish between
noisy labels for unsupervised learning and clean labels for
supervised learning [13]. However, these methods do not
leverage large unlabelled datasets and their success would
rely on the accuracy of pseudo-labels. Further, [41] combined
Pseudo-labelling with confidence estimation and contrastive
learning to address annotation noise, but did not perform
evaluations under real-world noisy annotation scenarios. For
SSAL, there are methods to handle noisy pseudo-labels. [42]
introduced an example re-weighting AL method that used a
pool attention module and an unsupervised, symmetric soft
cross-entropy loss within a Mean Teacher-based framework,
but these approaches require a clean expert-labelled set (i.e.,
no annotation noise). To our knowledge, there are no studies
on SSAL with only noisy annotations.

E. Translation into Annotation Workflows

The medical imaging community has advanced software
platforms to reduce the annotation burden for efficient model
development [43]. These platforms typically incorporate con-
ventional AL and offer automated labelling functionalities to
assist annotators [44]. However, they do not utilise unlabelled
data to reduce the annotation burden during model training.
To our knowledge, the efficacy of SSAL approaches is yet to
be demonstrated in real-world annotation workflows.

[1l. METHODS

A. Problem formulation

An input sample x can represent a 2D image (or slice),
or a series of images in a 3D scan, and is associated with
a target y for [ classes (or abnormalities), each assigned a
binary label k¥ € {—,+}. When [ = 1, y is uni-label;
when [ > 1 it is multi-label. In each annotation round, the
training set contains Ly, labelled samples {xF,y;}“7r and U
unlabelled samples, {x"}¥_,. We also consider the scenario
where the target may not align with ground-truth annotations
y and denote these noisy annotations as y. In Subsection III-
B, we introduce CSEAL.: a principled and unified framework
to derive the evidential counterpart of consistency-based semi-
supervised learning methods and combine it with uncertainty-
based active learning. In Subsection III-C, we provide an
extension of CSEAL to robustly address noisy annotation
scenarios. Fig. 1 illustrates the CSEAL framework for binary
classification (I = 1). For multi-label classification (I > 1),
each network uses multiple binary classification heads.
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Fig. 1. Overview of the Consistency-based Semi-supervised Evidential Active Learning (CSEAL) framework with clean annotations for evidential
NoTeacher and noisy annotations for Noise Robust-evidential NoTeacher. Input samples x (images or scans) are augmented by {n1,n2}. The
transformed samples {x1,x2} are fed to the evidential networks {F1, F>}, and mapped to Beta distribution prior parameters of their label
predictors {p1, p2}. The overall CSEAL loss combines prediction, regularisation, and consistency losses, and includes a small-loss inclusion
mechanism to exclude noisy annotations from backpropagation. Solid and dashed arrows indicate the forward pass and backpropagation steps
respectively. After training, the inferred evidential active learning scores are used to prioritise IN unlabelled samples for annotation before the
process is repeated. The framework is customisable for different network structures (single/dual), consistency targets, and active learning strategies

(see evidential Pseudo-labelling, evidential Virtual Adversarial Training, evidential Mean Teacher).

B. Overview of the CSEAL framework

Motivated by the need to reliably estimate prediction prob-
abilities and their associated uncertainties for semi-supervised
active learning, we leverage an evidential learning strategy. Ev-
idential deep learning [14] applies the Dempster-Shafer Theory
of Evidence [45] and the theory of Subjective Logic [46] to
quantify the predictive uncertainties by modelling binary pre-
dictions as subjective opinions characterised by Beta distribu-
tions [14]. Beta distributions have the conjugate prior property
enabling closed form expressions for updating belief masses
with new evidence. We integrate evidential learning into semi-
supervised deep learning to introduce the Consistency-based
Semi-supervised Evidential Active Learning (CSEAL) frame-
work. CSEAL consists of two stages: 1) training an evidential
semi-supervised learning classifier, and 2) querying unlabelled
samples using evidential active learning to expand the labelled
set. The two stages form one loop, and the loops are iteratively
repeated until the annotation budget is exhausted.

1) Semi-supervised learning component: Given a batch of
labelled and unlabelled samples, x = {XL, xU}, transforma-
tion functions 7; and 7); are applied to generate augmented
samples x; = {x},x} and x5 = {x},x7}. These are fed
into convolutional networks F; and F5 to produce logits f; and
fa. In standard binary classification, the logits are mapped to
label predictors p1 = [p7,p;]" and p2 = [p;,p5]" using a
sigmoid function. The Bernoulli variables p; and p are point
estimates of the first-order probabilities. This point estimation
may be mismatched with the true predictive uncertainty, and
can contribute to error propagation when enforcing consis-
tency. To address this challenge, CSEAL estimates a density
over probability assignments and thus effectively models the
second-order probabilities.

Specifically, CSEAL employs evidential deep learning prin-
ciples [14], [25] to model priors over p; and ps as Beta dis-
tributions parameterised by 71 = [aq, 51] and T2 = [ag, [2].
These parameters are computed as 7 = Softplus(f) + 1,
mapping logits to label-wise evidences using the Softplus acti-
vation, ensuring « and (3 are greater than 1. The term evidence
refers to the support collected for positive or negative pre-
dictions. CSEAL uses an evidential loss for semi-supervised
model training, comprising of prediction loss, regularisation
loss, and consistency loss components, derived below.

The prediction loss £preq is the Bayes risk of the binary
cross-entropy loss between y and pj:

1
Lored(P1,Y) =/ CE(p},yr) Beta(aq, B1) dp1 . (1)
0

The regularisation loss term is included to penalise high-
uncertainty predictions through a Kullback-Leibler (KL) diver-
gence term. For labelled samples, the Beta distribution priors
are adjusted as 71 = y + (1 — y) ® 71, and the KL term
quantifies the divergence between a uniform Beta distribution
and the adjusted prior. This penalises evidences for non-target
labels. The resulting regularisation loss is:

Lreg(P1,y) = KL [Beta(p|71) || Beta(p1[1)]. (2)

The consistency loss £..,s Oof two label predictors pq, p2 is
defined as the Bayes risk of the squared error between them:

Econs (pl ) p2)

1
= // |p1 — p2||* Beta(as, 1) Beta(az, 82) dpidpa,
0
3)
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where the prediction probabilities p; and P, also used during
inference, are calculated as the Beta distribution mean. That
is, p = [pt,p7]" = [a/E,B/E]", with total evidence F =
a+ .

Overall, the CSEAL loss for the [t class comprises of the
above three terms:

£CSEAL (Xla y) = >\Sup /gprcd(plv Y) + )‘t £rcg(p17 Y)
+ )\consscons(plv p2)a (4)

where \; is an adaptive regularisation coefficient to indepen-
dently scale the regularisation term for enhanced evidence
learning. It also supports balancing the prediction accuracy
with uncertainty modelling. Ay, and Acopns are scaling con-
stants to enable customisation to different consistency enforc-
ing mechanisms, and p; is a function of x; as noted above.

From Equation (4), the supervised baseline with evidential
learning (eSUP) optimises the following loss on labelled data:

SeSUP (X%, Y) = )\sup Spred (p]fv Y) + >\t Sreg (pr; Y)v (5)

where ), is ramped up linearly from O over the first 7;. epochs.
We now instantiate the CSEAL framework on four SSL
methods: namely Pseudo-labelling [26], Virtual Adversarial
Training [28], Mean Teacher [29], and NoTeacher [30]. The
evidential counterparts of these methods are described below.

Evidential Pseudo-labelling (ePSU): This approach has
two stages. First, an eSUP model is trained with labelled sam-
ples to infer pseudo-labels, y,s,, for the unlabelled samples
xllJ based on the mean of the Beta distribution prior. Second,
pseudo-labels are recomputed at each weight update to further
guide the eSUP loss. Alongside the eSUP loss, a binary cross-
entropy loss ensures the updated pseudo-labels align with the
eSUP model predictions:

SePSU (X17 y) = 2eSUP (le> Y) + Spred (p}J7 ypsu)- (6)

Evidential Virtual Adversarial Training (eVAT): To in-
crease robustness of the evidential networks to small perturba-
tions or noise, we define a local distributional smoothness loss
between the Beta distribution priors of the original features of
the unlabelled samples x{ and those perturbed by uniform
random noise. Specifically, this loss is computed as the Bayes
risk of the squared error between the label predictor p{ and
its adversarial counterpart pg{adv:

Levar(x1,y) = Lesup (X%v Y) + Acons Leons (p}ja pgadv)'
(N

Evidential Mean Teacher (eMT): Augmented samples x;
and xo are input into student and teacher evidential networks.
The student model’s label predictors are used to compute the
evidential supervised loss for labelled samples. The unsuper-
vised consistency loss is the Bayes risk of the squared error
between the label predictors of the student and teacher models,
p1 and ps, based on their Beta distribution priors. Both losses
are backpropagated through the student model.

SeMT(Xa Y) = LesupP (X%, )’) + Aeons Scons(pla p2)- ®)

Evidential NoTeacher (eNoT): eNoT uses a probabilistic
graphical model (PGM), shown in Fig. 1, where p;, p2, and

y are conditionally independent random variables. Observed
variables 71, T2, and y are distinct nodes, while p; and po
are linked to a consensus function f, € [0,1]. f. enforces
agreement between p; and po for all samples and maps them
to y for labelled data. Following [30], the differences between
Yy, P1, P2, and f. are modelled as zero-centered Gaussian
distributions parameterised by o,, 01, and o2. For an input
batch, we express the NoTeacher loss likelihood in terms of
the label predictors, then compute the Bayes risk as follows:

2eNoT (X7 y) = )\sup,l 2eSUP (X{J7 y) + )\sup,2 ‘QeSUP (X%, y)

nu
+ )‘Igons Leons (pr» plf) + )‘gons ESCOHS( }J, Pg) )

For ePSU and eVAT, we use a single-network architecture
with F only, omitting F5. For eMT and NoTeacher eNoT, we
employ two separate networks. When x is a volumetric scan,
the classification backbone is adapted for depth information
using a modified 2D-CNN (see Subsection IV-F.1).

2) Active learning component: Prioritising the most uncer-
tain samples to augment the labelled training set can enhance
model performance. To this end, we leverage the underlying
evidential mathematical framework of CSEAL that learns the
predictive uncertainty (PU) from both labelled and unlabelled
samples in Stage 1. Implicitly, PU captures both the aleatoric
(data) and epistemic (model) uncertainties, and is estimated
through a single forward pass during inference. We define PU
for an unlabelled sample xV using the label-wise evidences
and therefore, the Beta distribution parameters, as follows:

oV —1 gY —1
aV + BU aV + ﬁU !

For multi-label scenarios, label-wise uncertainties are av-
eraged to compute an image-level score, and images with
the highest scores are selected for annotation to augment the
training set. Similar to [25], we use dropout for efficient pa-
rameter sampling, robust uncertainty estimation, and training
stability. When x represents slices from volumetric scans,
training a 2D classifier is less resource-intensive than a 3D one.
However, active learning must prioritise scan-level samples
due to slice contiguity, reducing redundancy between labelled
and unlabelled pools. Subsection IV-F.1 details the mapping
of slice-level to scan-level scores.

PUKxY) =1

(10)

C. NR-eNoT: Noise-robust extension of eNoT

To enable robust learning with noisy annotations during
training, we extend CSEAL’s evidential NoTeacher method.
Our approach is inspired by the use of dual-network struc-
tures to reduce error accumulation [47], [48]. Specifically, we
leverage the different learning abilities and agreement between
networks F; and F5 on augmented views of the same samples
to identify noisy annotations. We posit that small loss values
correspond to ‘“clean” labels [47] and incorporate a small-
loss inclusion mechanism that uses the sum of prediction and
consistency losses from both networks to distinguish samples
with clean vs. noisy annotations. We term this method Noise
Robust-Evidential NoTeacher (NR-eNoT).

NR-eNoT computes the loss derived from the PGMs shown
in Fig. 1 twice: 1) to filter noisy annotations in the labelled set



x" and exclude them from backpropagation, and 2) to optimise
model weights using only samples with clean labels.

In the first step, the noisy loss £,s, is calculated for all
the labelled samples in a mini-batch:

Snoisy(x7 S’) = Asup,l 'Spred (p%v 5’) + ASu;D,? 2/pred (P157 S’)
+ Mons Loons(PY PY)- (an

The first two terms of (11) are inspired by the implementation
of Co-teaching [47], except for the fact that we have combined
supervised losses from both networks in a single backpropaga-
tion update. The additional term is the consistency term Lcons,
inspired by multi-view learning principles [49], that drives
the two networks to align their predictions. A smaller £.,,¢
indicates higher agreement between the networks. Hence, a
smaller noisy loss indicates higher likelihood of correct labels.
To retain samples with the smallest loss values i.e., cleaner
annotations, we define a remembrance rate R; [47]. To avoid
overfitting to noisy data in later epochs, we gradually decrease
R, from 1 to 1 — vy (7 is the drop rate).

Algorithm 1 Training of the NR-eNoT model
L
i=1
{x}J}fgl, networks F and Fy with learning rate &, drop rate
v, epoch T, total epochs T},¢4;, number of iterations N
Initialise Ry—1 to 1
for t =1 to Tipiq; do
for n=1to N do B

Fetch a mini-batch {xY, y;, xP}lzll

Apply transformations 7; and 72 to x; and x2

f; = F1(x1/|01) and 71 = Softplus(f;) + 1

fo = Fa(x2|02) and T2 = Softplus(fs) + 1

Calculate £yisy (Eq. (11)) using TIf and 7'12“

Rank samples based on £,,0isy, and retain R of labelled
samples with the smallest values

1: Input: Labelled training set {X%7 Vi unlabelled training set

@OV RXIDIN AL

—

11: Calculate £¢jean (Eq. (12))
12: Update 01 = 601 — £V L lean
13: Update 02 = 02 — £V L 1can

14: end for
15: Update Ry = 1 — min {TLk'Y"Y}
16: end for

In the second step, retained clean samples and unlabelled
data are used to compute the following semi-supervised loss:
SCleam(ihv XU7 S’) = Asup71 'SeSUP (ilfv S’)
+ )\sup,Z SeSUP (>~<I£, 5’) + )‘%ons Scons(ﬁ%v f’%)

nu
+ Ao R (12)

where ~ denotes samples estimated to be correctly labelled,
with x being a subset (size R;) of inputs deemed correctly

Leons (pga plzj)7
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labelled by the two evidential networks. Equation (12) in-
corporates the KL regularisation loss term £,.; to enhance
evidence learning for this subset. The training process of NR-
eNoT is outlined in Algorithm 1. In noisy annotation scenarios,
determining informativeness may require active learning ap-
proaches beyond predictive uncertainty (see Subsection IV-B).
Table I summarises the key characteristics, advantages, typical
application scenarios and active learning methods studied for
the different CSEAL methods.

V. EXPERIMENTAL SETUP

We describe three sets of experiments: 1) to evaluate
CSEAL performance against semi-supervised active learning
baselines, 2) to investigate the robustness of CSEAL in scenar-
ios with noisy annotations, and 3) to demonstrate the relevance
of CSEAL in a real-world annotation task.

A. Datasets

We benchmarked the performance of CSEAL on four pub-
licly available datasets, which were chosen to represent sce-
narios spanning 2D and 3D scans, diverse radiology imaging
modalities, and uni- and multi-labelled classification tasks.

1) NIH-14 Chest X-Ray Dataset [15]: This dataset contains
112,120 frontal radiographs labelled for 14 abnormalities using
natural language processing (NLP) on radiological reports.
Of images in this dataset, 46.1% are abnormal and 40.1%
are multi-labelled. We utilised the publicly available training
(70%), validation (10%) and test (20%) splits which do not
have patient overlaps [50].

2) RSNA Brain CT Dataset [16]: We started with the RSNA
2019 Intracranial Haemorrhage Detection Challenge (Stage 1)
dataset and retained a single study per patient. This led to
a dataset of 17,079 scans and 588,732 slices. Each slice is
annotated by a neuroradiologist to indicate the presence or
absence of 5 sub-types of intracranial haemorrhage. There
are 14.2% abnormal slices, out of which 30.1% are multi-
labelled. We randomly split the dataset into 60% training,
20% validation and 20% testing without patient overlaps. We
pre-processed the images as per the leading solution of the
RSNA Challenge [51]. This includes converting raw pixel
values to Hounsfield Units, (b) windowing around the width
and centre values read from the DICOM files, (c) normalising
pixel intensities to [0, 255], and (d) resizing slices to 256 x 256.
In addition to the 2D classification task, we also address the
3D task, where a scan is considered positive for a given class
if any of its slices contains the abnormality.

TABLE |
OVERVIEW OF CSEAL METHODS. ALL METHODS CATER TO LIMITED LABEL SCENARIOS. ‘RESOURCES’ REFERS TO COMPUTATIONAL RESOURCES.

ePSU eVAT

eMT eNoT NR-eNoT

Characteristics
Advantages
Applications
AL investigated

Refines pseudo-labels
Easy implementation
Low resources
PU

Adversarial training
Perturbation smoothness
Perturbed input scenarios

PU

Dual-network
| confirmation bias
High resources
PU

Dual-network
Smoothes fluctuations
Low resources
PU

Loss-based filtering

1 Noise robustness
Annotation errors
PU/AU/BADGE
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Fig. 2. Schematic of the CSEAL-assisted Medical Expert Annotation
Platform (CSEAL-MEAP) illustrating the flow of information between its
various modules.

3) NoisyCXR Dataset [18]: This benchmark dataset of
26,684 chest radiographs contains pneumonia-like opacities
with noisy annotations simulated via a realistic process. Fol-
lowing the implementation of [18], we randomly flipped set
proportions of NLP-derived labels for unclear cases (positive
for the “Consolidation” or “Infiltration” but not “Pneumonia’)
to introduce different noise levels, and assigned clean expert
labels for the remaining images. For our study, we set the
randomly flipped proportion to [0%, 30%, 50%, 70%] to
simulate annotators with overall noise rates of [10.2%, 17.2%,
31.4%, 40.7%], respectively. As per [18], we allocated 50% of
the images for training (mix of clean and noisy annotations)
and 50% for evaluation (only clean expert labels).

4) Knee MRNet Dataset [17]: This dataset contains 1370
knee MRI exams, each from 3 physical views. All scans
were manually labelled, based on reports, for Meniscal and
Anterior Cruciate Ligament (ACL) tears. 80.6% of these 3D
scans contain at least one category of tear and we considered
the binary classification task of any abnormality (Abnormal)
in the axial plane. Similar to [11], we utilised the official
training (1130 scans) and test (120 scans) splits without patient
overlaps. We further generated a validation pool with 20% of
the training set through stratified sampling following [17].

In line with [17], no additional pre-processing steps are
applied for the 3D classification tasks in the RSNA Brain
CT [16] and Knee MRNet datasets [17].

B. Baselines

First, we compared CSEAL to three state-of-the-art (SOTA)
semi-supervised active learning methods: TOD+COD [6],
VAT+AugVar [4], and BoostMIS [7]. For 3D scan classifi-
cation, to the best of our knowledge, there are no existing
3D baselines for comparisons. Therefore, we adapted the three
SOTA SSAL methods in a manner consistent with our CSEAL
variants. We also included a fully-supervised baseline trained
using the maximum labelling budget of 100% and confirmed
that its accuracy is comparable (within 1.5%) to that of typical
fully-supervised benchmarks [11], [30], [S1]. We denote the
CSEAL approaches and baselines by their semi-supervised and
active learning methods, e.g., eNoT+PU combines evidential
NoTeacher with evidential predictive uncertainty.

Second, we characterised the performance of our proposed
NR-eNoT approach in relation to that of eNoT+PU (semi-
supervised active learning without noise-robust learning),
eNoT+Random (semi-supervised learning only), eSUP+PU

(supervised active learning only [14]), and the Joint Training
with Co-Regularization (JoCoR) baseline [48] (supervised
noise-robust learning only). Notably, JoCoR applies the con-
sensus principle from multi-view learning [49] by training two
networks with a joint loss, and shares a similar objective with
eNoT, though it is fully supervised. Further, we examined
the influence of different active learning strategies on CSEAL
performance in noisy annotation scenarios. Beyond the predic-
tive uncertainty strategy (Equation (10)), we also performed
experiments using evidential aleatoric uncertainty (AU) [19]
to capture the data uncertainty, and Batch Active Learning by
Diverse Gradient Embeddings (BADGE) [22] to query more
diverse sets of highly uncertain samples.

C. Realistic Active Sampling Process

For all experiments, we designed an active sampling process
that reflects practical clinical annotation workflows. First, our
active sampling process neither stratifies nor balances the
class distributions, so it is more realistic for class-imbalanced
scenarios. Second, we allocated only a small portion of the
labelling budget for validation compared to training, i.e.,
Ly < Lp. We initialised L, and Ly by random sampling
until the annotation budget is met while ensuring complete
class coverage for each label. We further grow the validation
set progressively using randomly selected samples to maintain
the Ly, : Ly ratio at different labelling budgets. This process
precludes an ideal alignment of the training and validation
class distributions. We also focus on the low labelling budget
regime of 0.25%-35% across datasets. Overall, our experi-
mental design constitutes a realistic but challenging setup.

D. CSEAL-assisted Medical Expert Annotation Platform

To incorporate CSEAL in guiding clinical annotators ef-
fectively using semi-supervised active learning, we devel-
oped the CSEAL-assisted Medical Expert Annotation Plat-
form (CSEAL-MEAP). As shown in Fig. 2, CSEAL-MEAP
provides a human-in-the-loop paradigm and comprises three
modules: (1) a batch selector to prioritise informative studies
using active learning and load the next batch for annotation;
(2) an annotation interface for the annotator to input, validate,
or correct labels; and (3) a model trainer that trains a semi-
supervised learning model in parallel as more labels become
available to enhance the estimation of informativeness and the
accuracy of predicted labels for auto-labelling.

E. Real-world Annotation Task

We evaluated CSEAL-MEAP on the task of annotating
a real-world dwMRI dataset [52] containing 296 diffusion-
weighted brain studies (8304 slices) acquired in the axial
plane. The relevant institutional review board (SingHealth
CIRB Ref 2019/2804) approved extraction and use of the data
with a waiver of informed consent. Abnormal regions with
DWI hyperintensities for each slice were manually delineated
by neuroradiology fellows (senior annotators) and radiography
students (junior annotators). Thus, the junior and senior anno-
tators provided a set of noisy and clean (ground-truth) labels



for each image, respectively. From the seniors’ labels, 7.36%
of the slices were abnormal. The juniors disagreed with their
seniors in 3.95% of all slices.

We examined how CSEAL-MEAP could enhance anno-
tation of dwMRI dataset through a proof-of-concept study
conducted under four practically relevant annotation work-
flows. Workflow A(SUP+Random) represents a human-only
paradigm with randomly-loaded studies and supervised model
training. Workflow B(SUP+EU) follows conventional active
learning with epistemic (model) uncertainty estimated using
Monte-Carlo dropout [24]. Hence, A and B correspond to
typical workflows in annotation platforms [43], [44]. Both
C(eNoT+PU) and D(NR-eNoT+PU) employ CSEAL methods,
with D designed to address noisy annotations. All workflows
involve loading batches with pre-obtained labels, training mod-
els, generating results, and auto-labelling within the platform.
We evaluated whether CSEAL-MEAP can (1) reduce anno-
tation burden (workflows A-C), (2) increase auto-labelling
accuracy (A—C), and (3) maintain performance despite noisy
annotations on real-world clinical data (workflows C-D).

F. Implementation Details

We now provide details on model training and evaluation.

1) Classification Backbones: For all methods, we chose
the classification backbones of prior works, where available:
DenseNet121 for NIH-14 Chest X-ray [53], DenseNet169 for
RSNA Brain CT (2D) [51], an enhanced version of MR-
Net with AlexNet for both RSNA Brain CT (3D) and Knee
MRNet [30], ResNet50 for NoisyCXR [18] and ResNetl8
for dwMRI. We tested the ResNet50 and Swin Transformer
backbones in RSNA Brain CT (2D), and chose the backbone
with the best performance. We initialised all classifiers with
pre-trained ImageNet weights, except for NoisyCXR where we
randomly initialised weights [18]. After each annotation round,
the model weights are reset for re-training. For evidential
methods, we applied a dropout rate of 0.5 before the last
fully-connected layer to estimate evidences. For each class,
we then mapped the logits of the negative and positive labels
to the respective Beta distribution parameters 7 = [«, 3] using
a Softplus activation function. For volumetric scans, CSEAL
uses a parameterised 2D CNN that condenses the features
extracted from slices through indexed max-pooling [30] for
scalability and computational efficiency. For slice-level classi-
fication tasks with 3D datasets, we prioritise scans for active
learning to reflect typical clinical annotation practice. We take
the 95 percentile of uncertainty scores across slices to obtain
the scan-level scores as it reduces skewness to outlier values.

2) Training Losses for Baselines: For all baselines, we
used multi-label binary cross-entropy as the supervised loss
term [30]. Where applicable, we used the same consistency
loss function as the original method. For VAT+AugVar and
the Adversarial Uncertainty Selector stage of BoostMIS, we
computed the multi-label Kullback-Leibler (KL) divergence
for the LDS loss, as employed by [30] for the evaluation of
VAT for multi-label classification.

3) Optimisation: For all datasets and methods, we used an
Adam optimiser (Badam = [0.9,0.999], €adam = 1 x 107%)

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS

with a linear decay scheduler that scales the learning rate by
0.1 based on the validation loss. We saved the best checkpoint
based on the class-averaged validation metric. To ensure fair
comparison of semi-supervised against supervised methods,
we used equal batch sizes of labelled and unlabelled samples
such that each training epoch covers a complete round of
the labelled samples. We also maintained an EMA copy
for other single-network approaches in experiments involving
TOD+COD and Mean Teacher variants. All approaches were
implemented in PyTorch 1.4.0 or higher. Since a complete
grid search for optimal hyperparameters is computationally
infeasible, we adopted configurations from [4], [6], [7], [30]
for the baselines, and tuned key hyperparameters (details
provided in Table S1). We also describe the augmentations
used in Supplement Section B.

4) Computational Complexity: We analysed CSEAL’s com-
putational complexity by considering the computational over-
head associated with its two main stages of SSL and
AL. Given the number of AL training iterations x, the
number of epochs (, the number of classes [, the com-
plexities of forward and backward passes for a back-
bone with M parameters denoted by Fj; and B, the
computational complexity of the CSEAL approaches is
O (kny (I +Fum) + KkCn (Fayr + 14 Bar)). Here, ny is the
number of unlabelled samples, and n = np + ny is the
total sample count. We provide the derivation in Supplement
Subsection A. Thus, the computational costs depend on the
model re-training frequency, dataset type (2D or 3D, image
dimensions, and n), and model architecture (/). To accelerate
the runtime, we trained the models on NVIDIA GeForce RTX
2080 Ti GPUs (11GB memory) with parallel processing. The
total time for CSEAL training and inference ranges 12-16
hours across different methods for the RSNA Brain CT (2D)
dataset and is 3 hours for NR-eNoT for the NoisyCXR dataset,
generally comparable to those for several competing methods
(TOD+COD, BoostMIS, JoCoR, DivideMix).

G. Model Inference

For performance metrics, we report the best test AUROC
across models for dual-network methods and its corresponding
AUPRC (given the class imbalance). For multi-label classifi-
cation tasks, we compute metrics for each class and report
the average. We repeat each experiment with three seeds for
initialising random parameters, and report mean and standard
deviation across seeds. For approaches with two identical
networks, such as evidential NoTeacher, we compute scores
using the model with the best validation AUROC. We consider
a method to have higher annotation efficiency if it achieves
better performance with fewer labelled samples.

V. RESULTS AND ANALYSIS
A. The CSEAL Framework with Clean Annotations

1) CSEAL outperforms the SOTA baselines: Fig. 3 (a-b, d-e,
g-h) and Fig. S1 show the average test AUROC and AUPRC
as a function of labelling budget for the NIH-14 Chest X-ray,
RSNA Brain CT (2D, 3D) and Knee MRNet datasets. Overall,
CSEAL outperforms the SSAL baselines with ePSU+PU,
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eMT+PU and eNoT+PU emerging consistently among the
top-performing methods across datasets. At the mid-range
labelling budgets (denoted by arrows), our best perform-
ing method, namely eNoT+PU, offers gains of 2.4%-19.7%
in AUROC and 1.2%-17.5% in AUPRC across baselines
and datasets. We observe that the augmentation-aware and
adversarial-based approaches, BoostMIS, VAT+AugVar and
eVAT+PU, have larger standard deviations for RSNA Brain
CT (3D) and Knee MRNet. Regardless, the general trends hold
and the CSEAL methods have higher annotation efficiencies.
Notably, eNoT+PU reaches 90% and 70% of the fully su-
pervised AUROC and AUPRC performance respectively with
less than 10% of the labelling budget, i.e., fewer than 4360
chest radiographs, 136 and 273 brain CT scans in 2D and 3D,
respectively, and 125 knee MR scans. We posit that CSEAL’s
gains across datasets are likely due to its evidential learning-
based formulation that models second-order probabilities for

NIH-14 Chest X-Ray

uncertainty estimation, rather than point-estimates.

2) CSEAL improves performance of low prevalence classes:
Fig. 3(c, f, i) provide the AUROC gains for each method and
class over the lowest performing baseline at the mid-range
labelling budgets. Classes are ordered by increasing prevalence
in the test set, e.g., from Hernia (least frequent) to Infiltration
(most frequent) in the NIH-14 Chest X-ray. For 2D tasks,
CSEAL methods substantially outperform all three SOTA
baselines, especially for low prevalence classes: eNoT+PU
improves over TOD+COD by 0.6%-9.2% for classes with
prevalence < 3.5% (Hernia to Pleural Thickening), and by
4.6%—17.3% for classes with prevalence < 5% (Epidural to
Subarachnoid). CSEAL remains competitive for more preva-
lent classes (e.g., Atelectasis, Subdural). In 3D, eMT+PU and
eNoT+PU show substantial gains of up to 8.2%—16.5% across
classes and baselines. These gains may be due to their dual-
network structure and consistency enforcement mechanisms.
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Fig. 3. Performance results of CSEAL framework on the NIH-14 Chest X-ray and RSNA Brain CT datasets. Our evidential Pseudo-labelling (ePSU),
Virtual Adversarial Training (eVAT), Mean Teacher (eMT) and NoTeacher (eNoT) methods combined with predictive uncertainty (PU) are compared
against three semi-supervised active learning baselines, VAT+AugVar, TOD+COD and BoostMIS. (a, d, g) Test AUROC and (b, e, h) Test AUPRC

at different labelling budgets. Plots show mean =+ standard deviation. (c,

f, i) Class-wise breakdown of AUROC gains over the baseline with the

lowest performance at the mid-range labelling budgets denoted by the arrows. Methods on x-axes are ordered by their average performance.



3) Ablation studies: Our CSEAL framework combines semi-
supervised learning (SSL), active learning (AL) and evidential
learning (EDL). We ablated these components to assess their
impact on performance in the RSNA Brain CT (2D) dataset.
Table II reports the average test performance of the best
performing method, eNoT+PU, at selected labelling budgets.

a) Leveraging unlabelled samples with SSL: Learning the
underlying information from unlabelled samples contributes
to eNoT+PU outperforming eSUP+PU [14] by 1.6%-3.7% in
AUROC and 5.2%-6.2% in AUPRC across budgets, especially
with fewer labelled samples. The substantial gains in AUPRC
suggest that low prevalence classes benefit more from the
utilisation of unlabelled samples during training.

b) Prioritised sampling with AL: eNoT+PU gains 1.2%-
38% in AUROC and 11.3%-11.7% in AUPRC over
eNoT+Random across labelling budgets. Hence, including
slices with higher predictive uncertainty in the labelled set
improves classification performance of true positives. This
observation aligns with the expectation that predictive un-
certainty is higher for abnormal slices, as they have lower
prevalence than healthy slices. Further, the effectiveness of our
uncertainty-based sampling in low labelling regimes suggests
CSEAL’s potential to mitigate the cold-start problem.

¢) Parameterisation using EDL: Modelling the predictive
uncertainty during training does not appear to directly improve
the performance when comparing eNoT+Random against
NoT [30]. However, the objective of using evidential networks
is to enable explicit uncertainty estimation for AL. This, in
turn, enables a performance boost of eNoT+PU over NoT.

TABLE II
ABLATION STUDIES FOR ENOT+PU IN THE RSNA BRAIN CT (2D)
DATASET. THE PARTS ABLATED ARE SEMI-SUPERVISED LEARNING
(ESUP+PU), ACTIVE LEARNING (ENOT+RANDOM) AND EVIDENTIAL
LEARNING (NOT). THE FIRST AND SECOND ROWS REPORT THE
AVERAGE TEST AUROC AND AUPRC RESPECTIVELY AT DIFFERENT
LABELLING BUDGETS.

Method Number of Scans (Labelling budget in %)
68 (0.50) 136 (1.00) 205 (1.50)
eSUP+PU 82.54 +1.96 85.16 £ 0.46 87.16 £1.03
30.65 £ 2.37 36.30 £ 0.54 40.87 £ 0.62
eNoT+Random  82.39 £1.20 85.50 £ 1.25 87.62 £0.84
24.18 £ 2.40 30.78 £1.05 35.78 £ 3.52
NoT 82.07+1.33 87.64+0.83 86.57+1.60
26.08 £1.22 35.93 £1.37 37.30 £2.15
eNoT+PU 86.23 £0.39 87.01£0.72 88.77+0.89
35.86 £0.35 42.24+0.61 47.03+1.06

B. The CSEAL Framework with Noisy Annotations

1) NR-eNoT demonstrates higher robustness to label noise:
Fig. 4 compares the performance of Noise-Robust eviden-
tial NoTeacher (NR-eNoT) combined with various sam-
pling strategies against four baselines (eSUP+PU, JoCoR,
eNoT+Random, eNoT+PU) under four different noise rates.
For the noise rates of 10.2%, 17.2% and 31.4%, NR-eNoT
generally outperforms all baselines, with gains of up to 7.6%
in AUPRC across different noise rates and labelling budgets.
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Although JoCoR improves over eSUP+PU in some settings,
our evidential approaches across noise rates and labelling bud-
gets improve over JoCoR and eSUP+PU in general. Further,
NR-eNoT tends to outperform eNoT with up to 6.7% higher
AUPRC - this highlights the importance of accounting for
noisy annotations. Finally, for noise rates upto 31.4%, NR-
eNoT outperforms JoCoR by up to 4.2% AUPRC, demon-
strating the impact of leveraging unlabelled samples for noise
robustness. For the extremely high 40.7% noise rate, NR-eNoT
is at best comparable to JoCoR (under random sampling),
suggesting that the gains from including unlabelled samples
diminish at extreme noise levels. However, we found that
the prevalence of ambiguous to obvious lesions in the set of
samples misclassified by the model generally follows that of
the original test set.

Among active sampling strategies, NR-eNoT performs best
with BADGE, offering AUPRC gains of up to 3.7% over other
active sampling methods at the lower noise rates of 10.2% and
17.2%. This is potentially due to its ability to trade-off between
sampling uncertain and diverse images. BADGE is followed
closely by AU, which selects up to 3.1% more ambiguous sam-
ples (i.e., samples where some annotators delineated opacities
but the consensus was “No Pneumonia-like opacity” [18]) than
other AL strategies. AU has a lower computational complexity
than BADGE and presents a scalable alternative for larger
datasets. However, at the higher noise rates of 31.4% and
40.7%, the active sampling strategies (PU, AU, BADGE) drop
in performance compared to random sampling, which may be
due to their prioritisation of up to 10.9% more noisy samples.

2) Ablation Studies: We investigated the contributions of the
noise-robust learning and evidential learning components in
NR-eNoT, having covered the SSL and AL components in
Subsection A. We focused these experiments on the 17.2%
noise rate scenario and provide results in Table III.

a) The small-loss inclusion mechanism: Across labelling
budgets, NR-eNoT improves AUPRC over eNoT by up to
2.6%. Thus, including small-loss samples during backprop-
agation improves robustness to noisy annotations.

b) Evidential network parameterisation: We ablated EDL in
BADGE only as PU and AU rely on the evidential networks.
NR-eNoT+BADGE improves AUPRC by up to 3.6% over
NR-NoT+BADGE across labelling budgets. Therefore, the
evidential loss enhances identification of samples with noisy
annotations and mitigates error propagation compared to NR-
NoT’s cross-entropy loss.

C. CSEAL-MEAP with the dwMRI data annotation task

For CSEAL-MEAP, we characterise the deep learning
model performance at different labelling budgets using the
model trainer to assess how CSEAL impacts annotation
requirements, accuracy of auto-labelling, and robustness to
labelling errors during a real-world dwMRI annotation task.

1) Reducing the annotation workload: Fig. 5(a) shows the
test AUPRC as a function of the labelling budget for
annotation workflows A-C with labels from senior anno-
tators. Performance under deep Bayesian active learning
method B(SUP+EU) is sometimes, but not consistently, higher
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Performance results (mean =+ standard deviation) for image classification as a function of labelling budget on the NoisyCXR dataset.

The AUPRC for noise rates of (a) 10.2%, (b) 17.2%, (c) 31.4%, and (d) 40.7%. The proposed Noise Robust-evidential NoTeacher (NR-eNoT)
approach is combined with predictive uncertainty (PU), aleatoric uncertainty (AU) and BADGE for active learning as well as random sampling. It
is compared with four baselines: the evidential NoTeacher (eNoT) with random and PU sampling, evidential Supervised (eSUP) and Joint Training

with Co-Regularization (JoCoR).
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Performance results of the CSEAL-assisted Medical Expert Annotation Platform (CSEAL-MEAP) on clinical brain dwMRI images.

Workflow A(SUP+Random) represents a human-only paradigm while B(SUP+EU), C(eNoT+PU) and D(NR-eNoT+PU) represent those assisted
with Bayesian active learning, CSEAL semi-supervised active learning, and CSEAL noise-robust SSAL, respectively. (a) Test AUPRC with senior
annotators’ labels in workflows A—C. (b) Percentage of studies where model-generated labels differ from the senior annotators’ labels for batches of
20 auto-labelled studies in workflows A-C. (c) A comparison of the test AUPRC when models are trained with junior and senior annotators’ labels
in workflows C and D. All results are plotted against different labelling budgets with the mean = standard deviation.

than that under the typical human-only supervised learning
paradigm A(SUP+Random) (e.g., A has 4.5%-11.0% higher
AUPRC than B for 40-70 labelled studies). Thus, conventional
AL in B does not reliably reduce the annotation workload to
reach the fully supervised performance. Meanwhile, perfor-
mance under CSEAL method C(eNoT+PU) quickly reaches
“elbow point” with only 40 labelled studies, after which it
starts to plateau close to the fully supervised performance.
Hence, our CSEAL approach, eNoT+PU, requires substan-

tially fewer manually labelled studies than typical human-
only or supervised paradigms. Gains of C(eNoT+PU) over
B(SUP+EU) may stem from better prioritisation of abnormal
studies for annotation (7.5%-11.1% more abnormal studies
prioritised under workflow C than B).

2) Accuracy of auto-labelling: Fig. 5(b) shows the pro-
portions of studies where automated labels generated by
the model differ from senior annotators’ labels under an-
notation workflows A—C. Model predictions under workflow



TABLE IlI
ABLATION STUDIES FOR NR-ENOT COMBINED WITH PU, AU AND
BADGE UNDER THE HIGH (17.2%) NOISE RATE SCENARIO IN THE
NoOISYCXR DATASET. THE PARTS ABLATED ARE NOISE-ROBUST
LEARNING (ENOT) AND EVIDENTIAL DEEP LEARNING (NR-NOT). THE
TEST AUPRC IS REPORTED AT DIFFERENT LABELLING BUDGETS.

AUPRC
Method Number of Labelled Images (in %)
667 (5.0) 1334 (10.0)
eNoT+PU 49.88 £0.73 50.15 £ 1.67
eNoT+AU 48.40 +1.80 51.51 +0.97
eNoT+BADGE 50.13 + 1.00 52.65 + 1.49
NR-NoT+BADGE ‘ 49.06 + 0.58 51.78 +£0.72
NR-eNoT+PU 48.96 +1.24 51.94 +1.20
NR-eNoT+AU 50.85 + 0.80 54.08 £ 0.61
NR-eNoT+BADGE | 52.67 +1.08 54.33 + 0.35

C(eNoT+PU) have 3.3%-13.9% higher accuracy than work-
flows A(SUP+Random) and B(SUP+EU). These results show
that CSEAL-MEAP offers more accurate model-generated
labels that would require fewer corrections from reviewers
during annotation, hence speeding up annotation.

3) Junior versus senior annotators’ labels: Fig. 5(c) shows
the test AUPRC for annotation workflows C and D with
labels from senior (clean) and junior (noisy) annotators. Under
workflow C(eNoT+PU) with noisy annotations, AUPRC is up
to 13.1% lower than with clean annotations. However, run-
ning workflow D(NR-eNoT+PU) with only noisy annotations
achieves performance close to that of clean annotations (es-
pecially for 20-70 labelled studies), hence demonstrating how
CSEAL mitigates the adverse impact of noisy annotations.

VI. DISCUSSION AND CONCLUSION

To address the challenges of learning with limited and noisy
annotations, we introduced a principled SSAL framework
named Consistency-based Semi-supervised Active Learning
(CSEAL). CSEAL integrates predictive uncertainty estima-
tion with semi-supervised active classification. Specifically, it
uses evidential learning to model distributions over prediction
probabilities, enforce consistency, and leverage uncertainty
for active learning. CSEAL also includes enhancements for
noise-robust learning. We provide customisations of CSEAL
to multiple SSL and AL approaches, and perform extensive
experiments on X-Ray, CT, and MRI datasets to demonstrate
substantial performance gains of CSEAL over SOTA baselines.
We further embed CSEAL within an assisted annotation pro-
cess and demonstrate its ability to boost annotation efficiency
for a real-world radiology image annotation task.

Methodologically, CSEAL advances SSAL methods [4], [6],
[7] by reliably estimating predictive uncertainty using both
labelled and unlabelled data through evidential deep learning.
Our novel loss formulation improves generalisability across
X-Ray, CT, and MRI modalities, and increases robustness
to noisy annotations through effective learning of evidences.
Compared to SSL [3] and AL [2] methods, CSEAL mitigates
challenges of error propagation, cold-start, and uncertainty
estimation. The evidential framework enables epistemic uncer-
tainty estimation, which can be leveraged to identify out-of-
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distribution and uncertain samples, and improve performance
on low-prevalence classes [54]. Although NR-eNoT indirectly
benefits from peer learning similarly to JoCoR [48], it uniquely
incorporates evidential losses and unlabelled samples to better
address label noise. Unlike [42], [55], NR-eNoT addresses
annotation errors without relying on availability of clean
annotations, making it highly suited for practical scenarios.
Moreover, we adopt a 2D CNN with scan-level aggregation to
balance computational efficiency and data efficiency in low-
label, iterative active learning setting. Although 3D CNNs can
capture richer volumetric context, they are less practical under
these constraints due to their higher computational cost and
data requirements. Our aggregation strategy enables robust
scan-level representations and uncertainty estimates, reduces
slice-level redundancy, and supports stable and consistent
sample selection across AL rounds. Importantly, CSEAL offers
a general methodology within a unified framework that can
accommodate varied SSL and AL approaches

Our work has demonstrated implications for radiology im-
age annotation workflows in a proof-of-concept study. By cou-
pling learning and annotation, CSEAL enables annotators to
effectively leverage information from large unlabelled datasets
in a prioritised manner. With few labelled samples (e.g., < 50
brain MRI scans), our CSEAL-assisted platform can gener-
ate accurate automated labels and enable greater annotation
efficiency. With its inbuilt noise robustness mechanism, our
framework can cater to both non-expert and expert annotators.
Future work could explore the choice of active learning strate-
gies to tune the performance of CSEAL, especially at very high
labelling budgets scenarios with high effective noise rates and
broader validation studies. Further extensions for the realm
of active barely supervised learning to boost performance in
settings with sparse or cross-annotation [56], incorporation
of continual fine-tuning strategies [57] to improve scalability
and efficiency, self-supervised pre-training approaches [58] to
boost performance in early annotation rounds, and extensions
to broader image analysis tasks [59], [60] could be studied.
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