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Abstract

Accurate medical image segmentation and the diagnostic decisions it supports are in-
creasingly constrained by the cost of supervision: dense voxel-level annotation by expert
clinicians remains slow, expensive, and difficult to scale, leaving many anatomies, patholo-
gies, and modalities sparsely labeled. A large literature therefore relaxes the demand for
full masks, yet existing surveys often catalog broad forms of limited supervision without
directly comparing the practical trade-off between label granularity, annotation burden,
and segmentation quality. This review focuses on weakly and coarsely labeled settings
(image-level tags, points/clicks, bounding boxes, scribbles, and coarse masks, together
with gaze or partial annotations as separate, protocol-dependent forms of supervision)
and organizes them through an annotation-economics perspective that considers per-case
annotation cost, required expertise, scalability, and the reported performance gap relative
to full supervision. The evidence suggests that box and scribble supervision can provide
favorable cost—performance trade-offs in several medical segmentation studies, although the
reported metrics and datasets are heterogeneous and should not be interpreted as a unified
quantitative frontier. We next examine the foundation-model turn, namely the Segment
Anything Model and its medical derivatives, and argue that promptable models re-encode
rather than eliminate human supervision, moving part of the effort from offline labeling
to inference-time interaction. Finally, we extend the analysis beyond Dice to ask whether
weakly produced masks support downstream clinical tasks: aggregate measurements may
be relatively tolerant of moderate boundary error, whereas texture and high-order radiomic
features can be substantially more sensitive. We close by identifying benchmark fragmenta-
tion, annotation variability, and the still-limited evidence connecting weak segmentation to
clinical outcomes as open problems and propose a unified “weak label — task” benchmark
for future evaluation.

Keywords: weakly supervised segmentation; annotation economics; medical imaging;
foundation models; promptable segmentation; clinical decision support; uncertainty estimation

MSC: 68T07; 92C55

1. Introduction

Medical image segmentation, which partitions scans into anatomically and patho-
logically meaningful regions at the pixel or voxel level, underpins computer-aided diag-
nosis, surgical planning, and longitudinal monitoring, and the algorithmic capacity to
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produce accurate masks has matured rapidly over the past decade. From the convolutional
U-Net [1] and its 3D [2] and attention-augmented [3] descendants, through nested designs
such as UNet++ [4], to self-configuring pipelines like nnU-Net [5] and Transformer-based
encoders such as TransUNet [6], Swin UNETR [7], and nnFormer [8], task-specific models
now routinely surpass once-formidable benchmarks [5,7]. What has not kept pace is annota-
tion: building a fully supervised training set for volumetric segmentation still demands that
expert clinicians delineate every structure of interest slice by slice, a process that can take
tens of minutes to hours per case [9], and that is expensive, hard to scale, and vulnerable to
inter-rater variability. As a result, large densely annotated datasets exist for only a handful
of well-resourced tasks, while the long tail of anatomical structures, rare pathologies, and
acquisition protocols remains effectively unlabeled. A major practical bottleneck for clinical
deployment is therefore the cost of supervision, alongside model architecture, data quality,
and validation.

This asymmetry between capable models and scarce labels has motivated a substantial
literature that relaxes the need for full pixel-level supervision. Among these directions,
weakly supervised segmentation, which learns from annotations far cheaper than dense
masks such as image-level tags, points/clicks, bounding boxes, scribbles, or coarse masks,
is particularly relevant because it reduces direct annotation effort rather than relying only
on unlabeled data [10-13]. We define weak supervision narrowly for this review: the
training signal is less expensive to provide than a full mask yet still explicitly authored
by a human, as opposed to being inferred solely from data. Weak labels form a spectrum
of decreasing granularity. Image-level labels indicate only class presence and provide
the weakest spatial signal, typically recovered via class activation [14] or seed-expand-
constrain pipelines [15,16]. Bounding boxes [12,13,17] enclose the target and are often a by-
product of clinical reading. Scribbles [18-21] are intuitive freehand strokes that can require
substantially less effort than dense masks and have become a practical weak-label option
in medicine, so much so that the scribble family now spans dozens of specialized designs,
which we systematize in Section 3.3. Points and clicks [22-25] support interactive refinement,
while gaze trajectories and coarse masks [26,27] provide distinct forms of supervision
with different spatial characteristics. Gaze provides indirect, temporally structured cues,
whereas coarse masks offer explicit but incomplete spatial annotations. Both can approach
dense supervision in particular settings, but neither is equivalent to a full mask. Two
neighboring paradigms are not treated as weak-label types in this review: semi-supervised
learning, which leverages unlabeled data through consistency regularization such as mean-
teacher [28] and its uncertainty-aware variants [29], and self-supervised pre-training on
pretext tasks [30-34]. These paradigms do not, by themselves, lower the cost of human
annotation, and they are therefore not part of the weak-label spectrum of Section 2. They are,
however, included as structural enhancement mechanisms when they are combined with
weak labels, because many weakly supervised methods borrow consistency regularization,
self-ensembling, or self-supervised pre-training to stabilize pseudo-label learning. This
inclusion criterion is made explicit so that the scope of this review remains consistent across
Sections 3 and 5.

Several surveys already chart the broad territory of limited supervision in medical
imaging [35-37] and the wider gap between weak supervision and dense prediction [38].
Valuable as they are, these works trend toward comprehensive catalogs that span image-
level, box, scribble, semi-, and self-supervised methods alike [35-38], which makes it hard
for a reader to answer the practically urgent question: given a fixed annotation budget, which
weak label type and which method should I choose? This review focuses on weakly and
coarsely labeled settings and organizes them through an annotation-economics perspective,
comparing methods along annotation burden, required expertise, scalability, variability,
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and reported performance relative to full supervision. This framing turns the field from
a list of methods into a set of cost-quality trade-offs. We also extend the analysis beyond
segmentation accuracy to ask whether weakly produced masks are sufficient to support
clinical decision making, a question largely absent from method-oriented reviews and one
that we treat as the ultimate test of weak supervision’s value.

Against this backdrop, this review makes four contributions. First, it provides a
granularity-centered taxonomy that unifies weak labels, including image-level, bounding
box, scribble, point/click, and gaze/coarse categories, and maps the dominant techni-
cal mechanisms, namely pseudo-labeling, constraint losses, uncertainty weighting, and
foundation-model prompting, onto each label type. This clarifies which mechanisms
are label-type specific and which are cross-cutting. Second, it introduces an annotation-
economics lens that combines annotation time, required expertise, scalability, variability, and
reported performance loss relative to full supervision. Rather than treating heterogeneous
studies as a single numerical frontier, the review uses the reported values to identify recur-
ring cost—performance patterns and their limitations [13,17,20,21,39,40]. Third, it builds
a bridge from weak segmentation to downstream clinical tasks, asking when uncertainty
and segmentation error remain acceptable for quantitative measurements or diagnostic
modeling [41-44], and it distinguishes aggregate measurements that may tolerate moderate
boundary error from texture- and high-order-feature analyses that can be substantially
more sensitive. Fourth, it examines the recent rise of promptable foundation models, includ-
ing Segment Anything (SAM) [45] and its medical derivatives [46—49], within the same
annotation-economics framework, treating prompts as an inference-time form of human
guidance rather than as a replacement for human supervision.

Beyond the annotation-economics framing, this review differs from earlier limited-
supervision surveys [35-38] in three respects: it analyzes the pair (label type; task) rather
than the label type alone; it separates medical evidence from natural-image methodological
context through an explicit evidence hierarchy (Section 3); and it evaluates weak labels by
downstream diagnostic utility rather than by Dice (Section 5).

The scope of this review is deliberately bounded. This article is a narrative review rather
than a systematic review or meta-analysis. The synthesis is based on the primary studies
and review papers cited throughout Sections 2—6. Because annotation-time measurements,
datasets, supervision protocols, and evaluation metrics differ substantially across studies,
reported numerical values are retained as study-specific evidence rather than pooled into a
common effect size. We also distinguish evidence about segmentation quality from evidence
about downstream clinical utility; a high Dice score alone is not treated as evidence of
diagnostic equivalence.

The remainder of this review proceeds as follows. Section 2 establishes the weak-
supervision spectrum and the annotation-economics coordinate system used through-
out, including a quantitative cost—accuracy table. Section 3 is the methodological core:
we review techniques grouped by weak-label type (image-level, bounding box, scribble,
and point/click) and then distill the cross-cutting mechanisms that transcend label type.
Section 4 examines the foundation-model turn, with ScribblePrompt [49] as the canonical
“foundation model as weak supervisor”, and asks whether foundation models dissolve the
weak-supervision problem or merely relocate it. Section 5 moves beyond segmentation to
assess whether weak masks support diagnostic decisions, treating uncertainty as a usabil-
ity signal. Section 6 discusses failure modes, benchmark gaps, and future directions and
concludes this review.
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2. Weak Supervision Spectrum and Annotation Economics

Weak supervision for medical image segmentation is best understood as a spectrum of
human signals with different levels of spatial information. At the coarse end, image-level
labels indicate only class presence [14-16,50,51]. Points or clicks provide sparse spatial cues,
bounding boxes delimit the target region, and scribbles provide partial information about its
shape and extent [12,20,25,52,53]. Coarse masks provide more explicit but incomplete spatial
annotations, whereas gaze trajectories offer indirect and temporally structured cues [26,27].
Neither should be treated as equivalent to full pixel- or voxel-level supervision.

Figure 1 orders explicit spatial labels by increasing spatial information density: image-
level — point/click — bounding box — scribble — coarse mask — full mask. Gaze is shown
separately because it does not represent an explicit spatial region and therefore cannot be
placed unambiguously on the same density axis. This ordering reflects spatial information
density rather than annotation time or semantic informativeness.

The practical importance of this distinction is that annotation cost does not decrease
monotonically with spatial information density. For example, a single point can be cheaper
to acquire than a scribble because clicking is faster than tracing a stroke, although the point
conveys less spatial information. Conversely, a coarse mask may require substantial manual
effort despite providing only partial spatial coverage. The effort required to recover a full
segmentation mask does not necessarily decrease in proportion to annotation effort.

The relative cost and usefulness of each label type depend on anatomy, imaging modal-
ity, annotator expertise, and the annotation protocol, as discussed in Section 2.3. Figure 1
should therefore be interpreted as a conceptual spatial-information spectrum rather than a
universal ranking of annotation costs. Figure 1 summarizes this spectrum and illustrates
representative medical examples.

Increasing spatial information density

v

\ Image-level Point/click Bounding box Scribble Gaze Coarse mask Full mask

.., single point e.g., rectangle box e.g., scribble e.q., gaze pointsiheatmap e.g., coarse region e.g. complete mask

Cost: Low - High
P P

Cost: Very low Cost: Very low Cost: Low Cost: Medium Cost: Cost: High

Figure 1. Weak-label spectrum ordered by spatial information density. Gaze is shown separately as an
indirect, protocol-dependent form of supervision. Annotation costs are indicative ordinal levels, with
point/click, bounding box, scribble, and full mask corresponding to very low, low, low to medium,
and high costs, respectively. Coarse-mask and gaze costs depend on the acquisition protocol. Gaze is
drawn below the annotation-density arrow to indicate that it is not placed on the same density axis; it
is a separate, protocol-dependent category rather than a point on the spectrum. This is an original
schematic created by the authors; no third-party material is reproduced.

Two neighboring paradigms sit deliberately outside this spectrum. Semi-supervised
learning [28,29] and self-supervised pre-training [31-34,54] reduce the need for labeled
data but not the cost of the labels that are used; they are therefore treated as enabling
mechanisms (Section 3) rather than as weak-label types. This boundary distinguishes the
present review from broader surveys that intermix all forms of limited supervision [35-38].

2.1. Annotation Cost Model

To compare weak labels on a common conceptual basis, we use four cost dimensions:
annotation time, required expertise, scalability, and annotation variability. Annotation time
captures how long a human takes to provide the signal; expertise captures whether the task
requires specialist knowledge; scalability captures whether the signal can be produced across
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many cases and modalities; and annotation variability captures how strongly differences in
box tightness, scribble geometry, click placement, gaze trajectory, or partial-slice selection
can affect the resulting supervision. These dimensions are complementary rather than
interchangeable. A useful conceptual total-cost expression is as follows:

Ctotal = Carmotation + Ctrainir\g + Cinference + Ccorrectionr (1)

where the present review quantifies human annotation burden more directly than computa-
tional cost. Among the four terms, the annotation term is the one that most directly distinguishes
weak labels from full supervision. The remaining three terms are retained in the conceptual
model but are not used to define the quantitative efficiency index below, because training,
inference, and correction costs are reported far less consistently across the cited studies. They
are discussed qualitatively in Sections 3.5 and 6. We therefore make it concrete as follows:

experts (2)

is the average annotation time per case,

Cannotation =N case X tper case X €

where N, is the number of annotated cases, fpe; case

and ¢ is the unit cost of expert time. This expression makes explicit that the annotation

expert
burden depends jointly on the number of cases, the per-case time, and the required expertise,
and it allows the weak-label types of Section 2 to be compared on a common basis. The

unit cost ¢ is setting-dependent rather than universal; it varies with clinician salary,

expert
geography, gxpertise level, and annotation platform, as discussed below.

Inter-rater variability as an economic cost. Inter-rater variability is not only an
accuracy concern but also an economic cost. When annotators disagree on a boundary, a
box tightness, a scribble path, or a click placement, additional expert time is required for
adjudication, consensus formation, re-annotation, or quality control, and the resulting labels
may still require correction during deployment. In the total-cost expression of Equation (1),
this effort appears in the correction term C_ ection and in the hidden cost of quality assurance.
It also interacts with the other cost dimensions: variability increases the number of cases
that must be reviewed, reduces the effective scalability of a labeling protocol, and raises
the required expertise when adjudication itself needs a senior clinician. For weak labels,
this effect can be substantial, because a loose box, a scribble that leaks into a neighboring
structure, or a click placed near an ambiguous boundary may be internally consistent for
one annotator but not for another. We therefore treat annotation variability as a first-class
cost dimension alongside annotation time, required expertise, and scalability, rather than
as a purely statistical property of the labels.

How per-case annotation cost is estimated. Direct measurements of per-case anno-
tation time are available only in a minority of the cited studies. Where a study reports
annotation time directly, we use the reported value. For example, Bearman et al. [10] report
point annotation on the order of seconds per image versus minutes for a full mask; Scrib-
blePrompt [49] reports a 28% reduction in annotation time relative to SAM in a 16-expert
user study; and MedSAM [46] reports a greater than 82% reduction in expert 3D-tumor
annotation time. For studies that do not report direct timing, we use two kinds of proxy. The
first is a label-type proxy, such as the commonly cited ratio that bounding-box annotation
requires roughly 1/15 of mask annotation time [17]. The second is an interaction-protocol
proxy, such as seconds per click for point supervision or seconds to approximately one
minute per structure for scribble supervision. These proxies are indicative rather than
measured cross-study values. They are used only to compare label types on a common
conceptual basis, not to assign a universal price to each label. Where a study reports a cost
ratio but not an absolute time, we retain the ratio and explicitly mark the corresponding
entry as estimated. This estimation strategy is also reflected in the ordinal cost scale and
the evidence-type column of Table 1, which distinguish natural-image entries from medical
entries and avoid treating heterogeneous cost values as directly comparable.
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Table 1. Study-specific annotation economics of weak labels. Cost is expressed on an ordinal scale to avoid mixing qualitative descriptions, natural-image numbers,
and medical estimates. Entries retain the metric and evidence type reported or estimated in the cited sources; values are not directly comparable across rows.

Reported Accuracy Gap vs. Full

Weak Label Ordinal Cost Cost Detail Evidence Type Supervision Example Dataset(s) Example Method(s)
mloU gap = 2% on CAM [1;}Eénalt151ral
Image-level Very low routine reports [50] Medical histopathology [55]; CXR ChestX-ray8 [11]; ?;;gtﬁrgl ori. i[n) ]
localization reported as LUAD-HistoSeg [55] Cluster—Re-Sgu e,rvision
AUC/I0BB, not Dice [11] 5] P
Dice gap 1.0% (MSD-Spleen),
seconds per click; fewer 0.9% (MO-Spleen), 1.7% Spleen, liver, pancreas,  Roth et al.
Poi . ) o . (MO-Liver), 4.4% kidney, gallbladder [9]; “extremes” [9];
oint/extreme point Very low clicks than scribbles Medical o . ) .
[9,23] (MO—Pan.creas), 2.9% placenta, brain interactive
(MO-L-Kidney), 1.3% tumor [23] DeepIGeoS [23]
(MO-Gallbladder) [9]
mloU gap ~ 1.8 percentage
points on PASCAL VOC [12]
(=~62.0% under box supervision BoxSup [12],
Bounding box Low ~1/15 of mask Mixed vs. 263.8% under full-mask Fetal MRI [17]; DeepCut [17],
time [17] (natural + medical) supervision); #95% of full PASCAL VOC [12,13] bounding-box
quality on PASCAL VOC [56]; tightness prior [13]
Dice gap 7.5% (fetal brain) and
12.9% (fetal lung) [17]
seconds to Dice gap 1.4% on ACDC and
approx1mately one —4:.53/02 f))/n MSACCIj\gléseg 522%;0})1@ ACDC [57]; CycleMix [20],
Scribble Low to medium mlpute pe'r struc'ture, Medical gap .2 70 On i ancb.o7on MSCMRseg [20,21]; ScribFormer [21],
estimated; not directly MSCMRseg [21]; Dice gap multi-organ [40] SOUSA [40]
measured in the —0.6% on ACDC with 20% &
cited studies labeled data [40]
aze: 2.2hvs. 18.7 h Dice gap 4.3% (pol and 2.9% )
Low to high ?or 900 images [58]; . (pros%a’i) for g(zfze }EIZ)g] Dice Polyp, prostate [26]; Multi-level gaze .
Gaze/coarse mask ¢ Medical / ¢ ! networks [26]; selective

(protocol-dependent)

partial: 20% annotated
slices [27]

gap —0.1% (ID) and —6.3%
(OOD) for partial slices [27]

fetal MRI [27]

Dice loss [27]

Annotation costs are indicative and protocol-dependent, and the reported values are not directly comparable across studies. Gaze and coarse masks represent
distinct forms of supervision: gaze provides indirect, temporally structured cues, whereas coarse masks provide explicit but incomplete spatial annotations. Negative
performance gaps indicate better results than the corresponding full-supervision baseline, subject to verification of the metric definition used in each cited study. The

gaze annotation-time figure is taken from [58].
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Socio-technical factors in cost estimation. The unit cost ce,pers in Equation (2) is not a
universal constant. It depends on at least four factors. The first is clinician salary, which can
differ by an order of magnitude between a senior radiologist and a trained research assistant,
and which varies across health systems and institutions. The second is geography: the same
nominal annotation time can translate into very different monetary costs across countries,
regions, and funding models, so a cost estimate calibrated in one setting may not transfer
to another. The third is expertise level: a task that a subspecialist can complete in minutes
may take a general annotator substantially longer, and adjudication of ambiguous cases
may require a senior clinician whose time is more expensive. The fourth is the annotation
platform: a web-based interface with keyboard shortcuts, auto-completion, real-time quality
checks, and structured prompts can reduce per-case time relative to a generic viewer, while
a poorly designed interface can increase it. Because these factors are rarely reported in a
comparable way, this review deliberately avoids assigning a universal monetary price to
each label type. Instead, it uses relative cost ratios, study-specific evidence, and the ordinal
cost scale of Table 1, so that the economic comparison remains meaningful across settings
without implying a single global price.

For a practitioner, the quantitative and qualitative dimensions can be combined in a
simple three-step procedure. First, fix the downstream error tolerance, since this constrains
which label types are admissible at all. Second, estimate the annotation burden with
Equation (2) and the study-specific efficiency with Equation (3), using measured times
where available and the proxies of Table 1 otherwise. Third, apply expertise and variability
as qualitative modifiers: a label that requires a subspecialist, or whose geometry varies
strongly between annotators, should be discounted relative to a label of similar nominal
cost that a general annotator can produce consistently. When the qualitative factors cannot
be monetized reliably, the recommended practice is to report the comparison as a range,

obtained by sensitivity analysis over the unit cost Ceypere and the per-case time £ rather

per case’
than as a single number.
To express the central trade-off without implying a universal monetary price, we define

a study-specific annotation efficiency as

Qweak/ Qtull

e
Carmotation / Cfull

(3)

Mann =

where Q denotes the task-relevant performance measure, and C denotes annotation bur-
den. Values of 77,,, are meaningful only within a study or matched protocol because both
quantities depend on the task, metric, annotator, and interaction procedure.

Why the efficiency index focuses on annotation cost. The index in Equation (3) is an
annotation-specific efficiency, not a total-cost efficiency. It focuses on annotation cost for
two reasons. First, annotation is the term that most directly distinguishes weak labels from
full supervision: training, inference, and correction costs can be similar across supervision
types, whereas the human annotation burden is precisely what weak labels are designed
to reduce. Second, the cited literature reports annotation time and annotation ratios far
more consistently than it reports training time, inference latency, or correction effort, so
a total-cost index would be under-determined for most studies. This focus should not be
read as a claim that the other three terms are negligible. When the additional terms are
available, the index can be extended to

Qweak / qull

Cannotation + Ctraining + Cinference + Ccorrection) / Cfull

Ttotal = ( (4)
In practice, most studies do not report enough information to estimate 7, so this re-
view uses 1,,, as a transparent but partial proxy. Computational cost, which enters the

denominator through C and Cipferences 1S discussed qualitatively in Sections 3.5 and 6,

training

https://doi.org/10.3390/math14213862


https://doi.org/10.3390/math14213862

Mathematics 2026, 14, 3862

8 of 42

where efficient architectures are treated as a secondary cost dimension rather than as direct
evidence of better annotation economics.

When computational cost becomes decisive. Computational cost becomes the decisive
term when two methods have similar annotation requirements. If two scribble-supervised
methods require the same scribble effort per case, or if two box-supervised methods use the
same bounding-box protocol, then the annotation term C,,ation NO longer separates them,

and the comparison shifts to C and Ci erence- In that setting, a method with a heavier

trainin
backbone, a longer training schedulg, or a higher inference latency may be less economical
overall even if its annotation burden is identical. This is particularly relevant for weakly
supervised and promptable pipelines, where the annotation cost has already been reduced
and the remaining cost is increasingly dominated by computation. It is also why efficient
architectures, including the Mamba-based and lightweight models discussed in Section 6,
are treated as a secondary cost dimension in this review: they do not lower the annotation
burden, but they lower the total cost at which a given weak-label strategy can be deployed.
Conversely, when annotation requirements differ substantially, computational cost is usually a
second-order consideration, because the human annotation term dominates the total cost.

To illustrate how 7,,, can be estimated in practice, we compute proxy values for
representative weak-label methods using the Dice ratios and annotation-time ratios reported
in the cited studies. These values are illustrative rather than a unified benchmark, because
the underlying studies differ in dataset, protocol, and annotator.

The quality ratios in Table 2 are taken from the most favorable reported subset for each
method. DeepCut, for example, reports a Dice gap of 7.5% on fetal brain but 12.9% on fetal
lung under the same box-supervision protocol [17]; the table uses the fetal brain value.
Roth et al. reports per-organ gaps ranging from 0.9% to 4.4%, with the largest gap on the
pancreas [9]; the table uses the best-organ value. The efficiency values should therefore be
read as upper bounds rather than as representative averages.

Table 2. Illustrative best-case proxy estimates of annotation efficiency 7, for representative weak-
label methods. Values are derived from reported Dice ratios and annotation-time ratios and should
not be interpreted as a unified benchmark. The annotation-time ratios follow the estimation strategy
described in Section 2.1: direct measurements are used when available, and label-type or interaction-
protocol proxies are used otherwise. The quality ratios use the most favorable reported subset for
each method, so the resulting efficiency values should be read as upper bounds rather than averages.
Tann 18 an annotation-specific index; it does not include training, inference, or correction costs. See
Section 2.1 for the rationale and for the extended total-cost form #,,.

Method (LabEI Type) Qweak/qull Cannotation/cfull Hann Evidence Type

DeepCut (box) [17] ~0.925 ~0.067 ~13.8 Medical
CycleMix (scribble) [20] ~0.986 ~0.10 ~9.9  Medical
Roth et al. (point) [9] ~0.99 ~0.05 ~19.8 Medical

All three entries are derived from medical datasets. The CycleMix annotation-cost ratio is a label-type
proxy rather than a measured value; the Roth et al. ratio is an interaction-protocol proxy derived from
seconds-per-click assumptions. Natural-image studies used elsewhere in the review are marked as
methodological context and are not pooled with medical entries.

Natural-image studies provide useful anchors: Bearman et al. [10] report point annota-
tion on the order of seconds per image versus minutes for a full mask, while box-supervision
studies report substantially shorter annotation times than dense labeling [13,17,56]. Medi-
cal studies show the same general ordering, but the absolute time depends on modality,
anatomy, annotator, and interaction protocol [17,49]. The economic lens therefore does
not assume a universal price for each label; instead, it asks which supervision strategy
provides an acceptable task-specific error at a realistic total cost. Classical variational seg-
mentation offers a complementary annotation-free perspective; the survey of Shu et al. [59]
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reviews region-based, edge-based, and hybrid variational models for readers interested in
segmentation without learned supervision.

2.2. Quantitative Economics: The Accuracy Gap

The key quantity for any weak label is the task-specific performance loss relative to
an appropriate full-supervision reference. Because the primary literature reports different
metrics—mAP for bounding boxes on PASCAL VOC [12], mIoU and FwloU for image-level
labels on histopathology [55], and Dice for scribbles, points, gaze, and partial annotations
on medical datasets [9,20,21,26,27,40]—Table 1 retains the metric used by each source
rather than forcing heterogeneous results into a single Dice scale. Within individual studies,
box and scribble supervision often show favorable cost—performance trade-offs, but the
magnitude of the trade-off remains dependent on the dataset, anatomy, modality, annotation
protocol, and baseline.

Qualifying the favorable trade-off. The claim that box and scribble supervision
provide favorable cost-performance trade-offs should be read as a study-specific pattern
rather than a universal rule, because the reported evidence varies substantially along
three axes. First, anatomy matters. DeepCut reports a Dice gap of 7.5% on fetal brain but
12.9% on fetal lung under the same box-supervision protocol [17], showing that the same
weak-label type can behave very differently across structures of different size, contrast, and
boundary complexity. Second, modality matters. Scribble results on ACDC cardiac cine MRI
[20,21] do not automatically transfer to CT, ultrasound, or histopathology, where contrast,
resolution, noise characteristics, and boundary definition differ; the reported scribble gap
on MSCMRseg, for example, differs from that on ACDC within the same study [20,21].
Third, benchmark split matters. ACDC scribble numbers are split-sensitive, and values
obtained under the standard 70/15/15 partition are not directly comparable with values
obtained under a different partition or under the full 70-subject training set [21,60]. A
further complication is that several of the strongest box-supervision results are reported on
natural-image benchmarks such as PASCAL VOC [12,56], where the annotation protocol
and target statistics differ from medical imaging. For these reasons, Table 1 is presented as
an evidence map rather than a statistically pooled frontier, and the numerical gaps should
be interpreted within each cited study rather than as a universal medical benchmark. The
practical implication is that a favorable trade-off observed for one anatomy, modality, and
split should be re-validated before it is assumed to hold for another.

The accuracy column reports the metric used by each source; it is not a unified Dice
column, and values across rows are therefore not directly comparable. Negative gaps in-
dicate that the weak label matched or exceeded full supervision in that study, including
scribble on MSCMRseg [20], SOUSA on ACDC [40], and partial slices on FIESTA ID/OOD
[27]. The scribble annotation-time entry is an approximate range and should not be treated
as a measured cross-study value. The bounding-box row combines natural-image and med-
ical evidence [12,13,17]; its numerical gaps should not be interpreted as a universal medical
benchmark. Gaze and partial-slice entries are protocol-specific and should be interpreted only
within the cited studies. Annotation-time entries are either directly measured in the cited study
or estimated using the label-type and interaction-protocol proxies described in Section 2.1.
They are indicative and should not be read as universal monetary or temporal costs. More
generally, the reported gaps vary substantially with anatomy, modality, and benchmark split,
so the table is intended as an evidence map rather than a ranking of weak-label types. The
gaze and coarse-mask entries are grouped in the same row only because both sit at the fine end
of the spectrum; they differ in acquisition mechanism and information density and should not
be treated as interchangeable. Entries marked as natural-image evidence are included only to
explain the origin of a mechanism and should not be cross-read as medical cost or performance
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estimates. The ordinal cost scale is used precisely because monetary cost estimates depend
on clinician salary, geography, expertise level, and annotation platform, and are therefore not
comparable across settings.

2.3. Why an Economics Lens

The value of the economics lens is that it turns a fragmented literature into a task-
oriented comparison. Prior reviews of limited supervision [35-38] are indispensable as
catalogs, whereas the present review emphasizes the supervision burden associated with
each label type. The framework should not be interpreted as a universal price list: if a reader
has a fixed annotation budget, the appropriate comparison depends on the target anatomy,
annotator expertise, interaction protocol, and acceptable downstream error. The lens also
exposes a less obvious point: the cheapest label is not necessarily the most economical,
because expertise, variability, correction effort, training cost, and deployment constraints
can offset time savings. In particular, when two methods have comparable annotation
requirements, computational cost can become the deciding factor, as discussed in Section 2.2.
This framing also motivates the later bridge to diagnosis, where the relevant question is
not simply how much Dice is lost, but whether the residual error changes the downstream
measurement or decision.

The spectrum is task-conditional. The ordering in Figure 1 should be read as a label-
type ordering under a generic task, not as a fixed position for each label in every clinical
setting. The same weak-label type can occupy different positions on the economic spectrum
depending on anatomy and modality. A bounding box around a large, high-contrast organ
such as the liver may support a much smaller accuracy gap than a box around a small,
low-contrast lesion. Similarly, scribble supervision on cardiac cine MRI [20,21] may behave
differently from scribble supervision on CT, ultrasound, or histopathology, where contrast,
resolution, and boundary definition differ. Point supervision may be highly economical for a
well-circumscribed structure but less so for a diffuse or multi-focal pathology, where a single
point provides little spatial guidance. The relevant unit of analysis is therefore the pair
(label type; task), not the label type alone. This is why Section 5 argues that the appropriate
weak-label budget should be determined by the required downstream tolerance rather
than by a generic ranking of label types. It also follows that the spatial-density ordering of
Figure 1 should not be read as an acquisition-time ordering or a semantic-informativeness
ordering: the three dimensions are correlated but not identical, and a label that is cheap
in spatial-density terms may still be expensive in acquisition time or limited in semantic
informativeness for a specific task.

Rare-disease and common-organ segmentation differ systematically along these cost
dimensions. For common organs, large public benchmarks, abundant cases, and cheaper
annotator pools make full supervision feasible, so the advantage of weak labels is mainly
one of cost. For rare diseases, the number of cases is small, expert annotators are scarcer
and more expensive, inter-rater variability is larger, and a full-supervision reference set
is often unavailable; the relative benefit of weak labels is therefore larger, but validation
against a reliable reference is harder. In practice, the evidence burden for rare-disease weak
supervision shifts toward external validation and uncertainty reporting rather than toward
a lower Dice gap on a single dataset.

3. Methodological Landscape: Learning from Sparse Human Signals

This section organizes methods by the type of weak human signal they consume,
namely image-level (Section 3.1), bounding box (Section 3.2), scribble (Section 3.3, the
largest and most mature family), and point/click/interactive (Section 3.4), and then extracts
the mechanisms that cut across these families in Section 3.5. Figure 2 provides a naviga-
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tional map of this taxonomy. Each method is presented in a uniform format: mechanism,
representative method, position on the annotation-economics axes (cost; accuracy gap), and
limitation. This format keeps the section from becoming a method dictionary and supports
this review’s central argument that the supervision signal is a major practical bottleneck
alongside architecture, data, and validation.

Mechanisms (label-type agnostic): pseudo-label - consistency - architecture - constraint-loss

[ Pseudo-label (EM)
<[ CAM / SEC / ACoL

{ Patch-level MIL
GrabCut / energy

I
eeins o S
[

Image-level

Region masking

Weakly supervised
edical segmentatio

I Mix-aug + cycle

[ CRF / level-set

[ Geodesic refinement
<[ Extreme points
{ Click-driven (RITM)

Figure 2. Method family tree for weakly supervised medical segmentation. The root splits by

—JJLJL JL JLJ L JL JLJ LJuLJuLJ

weak-label type (image-level/box/scribble/point), with each branch further splitting by mechanism
(pseudo-label, consistency, architecture, constraint-loss).

Evidence hierarchy. Throughout this review, we distinguish between primary medical
evidence and natural-image evidence used only as methodological context. Primary medical
evidence refers to studies evaluated on medical or biomedical datasets, including ACDC,
MSCMRseg, BraTS, ChestX-ray8, LUAD-HistoSeg, and the Medical Segmentation Decathlon.
Natural-image evidence refers to methods such as CAM [14], SEC [15], BoxSup [12], and
Simple Does It [56], which are cited to explain the origin of a mechanism rather than
to support a medical performance claim. When a table or paragraph mixes the two, the
natural-image origin is stated explicitly. Readers should not interpret natural-image mAP
or mloU values as medical segmentation benchmarks. This distinction matters for the
annotation-economics argument: a favorable cost-performance trade-off observed on a
natural-image benchmark does not by itself establish that the same trade-off holds for a
medical anatomy, modality, or clinical task. Within primary medical evidence, we further
distinguish two levels: E1 denotes medical evidence with external validation, i.e., evaluation
on data independent of training, across centers, modalities, or public challenge test sets; E2
denotes medical evidence from a single dataset or a single split, where the reported value
is not externally validated. Natural-image evidence is labeled E3 and is included only to
explain the origin of a mechanism.

3.1. Image-Level Supervision: From a Class Tag to a Mask

Image-level labels are often among the cheapest signals on the spectrum (Section 2): a
clinician records only which structures or pathologies are present, without requiring addi-
tional pixel-level annotation when suitable labels can be derived from routine reports [50].
The main algorithmic challenge is therefore to expand a global label into a pixel map. Nearly
all methods inherit the class-activation machinery from natural images: class activation
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maps (CAM) [14], the seed-expand-constrain pipeline (SEC) [15], adversarial complemen-
tary learning (ACoL) [61], deep seeded region growing (DSRG) [62], and AffinityNet's
pixel-level affinity refinement [63]; expectation-maximization over pseudo-masks [16],
regularized losses [64], cross-image semantic mining [65], and constrained deep weak
supervision for histopathology [66] further populate the image-level toolbox. These meth-
ods originate in natural-image segmentation and are cited here as mechanism sources;
their reported mloU or localization values are not medical segmentation benchmarks. The
medical adaptations discussed below are the primary evidence for image-level supervision
in this review. Formally, for a feature map F € R**"*K and a class weight vector w,. € RK,
the class activation map for class c is as follows:

K
M.(xy) = ) weife(x,y), (5)
k=1

where f; (x,y) is the activation of unit k at spatial location (x,y), and w_  is the weight of
unit k for class ¢ [14]. A pseudo-mask is then obtained by thresholding or normalizing M. :

Y.(x,y) =AM (x,y) = 7], (6)

where 7, is a class-specific threshold.

CAM threshold selection and sensitivity. The threshold 7, in Equation (6) is a critical
but often under-reported design choice. Several strategies are used in practice. A fixed
threshold, such as 0.5 after min-max normalization, is the simplest but rarely optimal
across classes. A percentile-based threshold selects the top g% of activations and is easier
to transfer across images, though it assumes a known target size. A validation-set search
optimizes 7, against a segmentation metric such as Dice or IoU, which is more reliable but
requires dense validation masks that are often unavailable in weak-supervision settings. An
adaptive method such as Otsu thresholding chooses 7, from the activation histogram, and
joint optimization with a post-processing step such as a conditional random field can further
refine the boundary. Segmentation quality is sensitive to this choice, especially for small
targets. A threshold that is appropriate for a large organ may suppress a small lesion almost
entirely, because the lesion occupies a small fraction of the activation histogram; conversely,
a threshold low enough to preserve a small lesion may over-segment adjacent tissue. For
this reason, image-level supervision should be treated primarily as a localization cue rather
than as a substitute for dense supervision, and any quantitative use of CAM-derived masks
should report the threshold rule and a sensitivity analysis over 7.

Recent work has begun to explicitly model medical-specific distributional discrepancies
for image-level weak supervision. DISCERN [67] identifies three medical characteristics
that hinder image-level WSSS—distributional discrepancy, ambiguous boundaries, and
structural interference—and proposes a contrastive convolution module plus a commonality-
specificity attention module to localize medical regions of interest from image-level labels
alone, consistently outperforming state-of-the-art WSSS methods on pneumonia, skin cancer,
and nuclear boundary datasets.

In medical settings this lineage has been adapted to two dominant regimes. One is 2D
classification to segmentation, where a global label such as “pneumothorax present” is back-
projected into a localization map. Wang et al. [11] established ChestX-ray8 as the canonical
benchmark for this regime, and subsequent work improved activation completeness through
equivariant and uncertainty-minimizing objectives [37]. Another is patch or slide-level MIL
to pixel, dominant in histopathology and volumetric scans where dense labeling is infeasible.
Han et al. [55] introduced multi-layer pseudo-supervision that lifts patch-level classification
labels to tissue masks; Kuang et al. [51] (“Cluster-Re-Supervision”) explicitly bridges the image-
level-to-pixel gap by clustering features and re-deriving dense pseudo-labels; and INSIGHT
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[68] embeds the heatmap as an inductive bias inside a MIL aggregator, so that interpretability is
produced by the architecture rather than reconstructed post hoc, improving both classification
and weakly labeled segmentation on CT and whole-slide images.

A complementary line of work replaces the single CAM-based seeding step with a
composite loss [15]. SEC, for instance, minimizes as follows:

mgin Z [Lseed + Lexpand + Lconstrain]/ (7)
(X, TYed

where the seeding loss is as follows:

1
Loeed FX), T,80) = === )~ ) 108f,(X), (8)
ZCET | Cl ceT ues,
with S, the set of locations weakly localized as class ¢, and the expansion loss uses global
weighted rank pooling,
1 & A o .
Gc(f(X)/dc) = Tdc) Z(dc)]_lﬁi,c(x)/ Z(dc) = Z(dc)]_l' (9)

j=1 j=1
The constrain-to-boundary loss aligns the network output with a fully connected CREF,

Qe (X, f (X))

70 (10)

n
Leonran X F ) = 13" Y Q. (X,£(X)) log
u=1ceC

Figure 3 illustrates this CAM-based mechanism on histopathology data, where pro-
gressive dropout attention enlarges the activated regions across training epochs [55]; the
representative results are summarized in Table 3. Two cautions frame this family. The
discriminative-region bias is structural: CAM-family methods activate the most class-
evidence region and under-cover the rest, which is tolerable for localization but harmful
for volumetry [36]. The under-coverage has three structural causes. First, the classification
objective rewards the most discriminative region rather than the full extent of the object, so
the activation concentrates on the part of the lesion that best separates the class from its
background. Second, global average pooling further compresses the spatial response into
class weights, which favors the most informative local pattern and suppresses weaker but
still lesion-bearing regions. Third, backbone downsampling reduces the spatial resolution
of the activation map, so fine boundaries and thin structures are lost before thresholding is
applied. This problem is generally more severe for small medical targets. A small lesion
occupies few pixels in the feature map, so its activation signal is more easily diluted by
surrounding tissue; low contrast and ambiguous boundaries, which are common in medical
imaging, shrink the discriminative region relative to the full lesion; and downsampling
can reduce a small lesion to only a few feature-map cells, leaving little spatial resolution
for thresholding. The result is that CAM-derived masks tend to under-segment small,
low-contrast, or heterogeneous lesions more than large, high-contrast organs. This is consis-
tent with the observation that image-level supervision is most useful for localization and
classification and least reliable when precise volumetry or boundary-sensitive radiomics
are required. Backbone resolution modulates the severity of this under-coverage. Stronger
downsampling reduces the spatial resolution of the feature map, so a small target occupies
fewer cells, and the activation that survives thresholding covers a coarser and smaller re-
gion; low-contrast boundaries compound this because the discriminative response is weaker
relative to surrounding tissue. Higher-resolution or multi-scale features can alleviate the
effect, but they cannot remove it, because the bias originates in the classification objective
and global pooling rather than in resolution alone. A radiologist audit of Grad-CAM on
CheXpert found that thresholded saliency only loosely overlaps expert reference segmen-
tations, indicating that image-level signals are localization cues rather than segmentation
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substitutes [69]. The reported accuracy gap for image-level supervision also varies consid-
erably across targets and metrics (Table 1, Section 2), although the available evidence is too
heterogeneous to rank it as the most volatile weak-label type. The histopathology study
reports an mloU gap of approximately 2%, while CXR localization is reported as AUC/loBB
rather than Dice, so image-level supervision does not provide a uniform accuracy gap across
targets and metrics. We therefore position image-level supervision primarily as a localization
or classification-oriented signal. When exact boundaries or quantitative measurements are

required, additional spatial supervision or validation is generally needed.

epochl

B 1Y vy =
Original images Images with label epoch3 epoché epoch9 epoch12 epochl8

Figure 3. Class activation maps (CAMs) of each tissue category in histopathology, with and without
Progressive Dropout Attention (PDA), across training epochs. The deactivated areas (black arrows)
enlarge as training proceeds, pushing the CAMs to cover more complete tissue regions. Reproduced
from [55] under CC BY-NC-ND 4.0.

Table 3. Representative image-level medical segmentation results. Values are reported under the
metric used by each source; they are not directly comparable across rows.

Approach Mechanism Reported Accuracy/Gap Dataset
e - top-5 localization error 37.1% on .
CAM [14] Classification activation ILSVRC; natural-image origin Generic (natural)
mloU improvement 13.5% (test)
SEC [15] Seed, expand, constrain and 14.1% (val) on PASCAL Generic (natural)

VOC; natural-image origin

Han et al. [55]

mloU 0.6892, FwloU 0.73745;

Multi-layer pseudo-supervision ~2% gap to fully-sup

Histopathology
(LUAD-HistoSeg)

Kuang et al. [51]

DC 68.51% (BraTS2019), 73.13%
Cluster re-supervision (prostate); +2.39-10.03% over Brain tumor; prostate
CMER
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Table 3. Cont.

Approach Mechanism Reported Accuracy/Gap Dataset
Seed refinement by cross-pixel Qualitative improvements in
SeeNet, SEAM, AffinityNet, similarity, cross-view seed completeness; survey-level ~ PASCAL VOC

CIAN (surveyed in [38])

consistency, and cross-image
relation

summary, no unified Dice gap

Grad-CAM localization
audit [69]

mloU and hit rate both below
human benchmark; worst for
small, complex lesions

Post hoc saliency CheXpert (CXR)

DISCERN [67]

Outperforms SOTA WSSS on
COVID-19 pneumonia, skin
cancer, nuclear boundaries

Discrepancy learning

. COVID-19, ISIC, nuclei
(image-level)

Rows above the first midrule are natural-image evidence; rows below it are primary medical evidence.
The two groups are separated to prevent natural-image localization or mloU values from being
read as medical segmentation benchmarks. SeeNet, SEAM, AffinityNet, and CIAN are image-level
weakly supervised methods included as seed-refinement baselines to illustrate mechanisms also used
under weak labels; they are not semi-supervised baselines. Their citation details are not reproduced
here; the reader is referred to the survey [38] for the original references. CAM, SEC, SeeNet, SEAM,
AffinityNet, and CIAN are natural-image methods included as methodological context only; their
mloU and localization values are not medical segmentation benchmarks. The remaining rows report
primary medical evidence. CAM-based entries are sensitive to the activation threshold 7., and their
reported values should be interpreted with the threshold rule in mind, as discussed in Section 3.1.

3.2. Bounding-Box Supervision: Cheap Geometry, Expensive Boundaries

A bounding box requires roughly an order of magnitude less annotation time than
a dense mask [56] yet supplies a strong geometric prior: the object is somewhere inside
the box and nowhere outside it. This inside/outside constraint is the workhorse of box
supervision. BoxSup [12] and the “simple does it” baseline [56] treat the box as a region
from which a CRF proposes a mask; in medical imaging, DeepCut [17] is the foundational
method, as it generalizes GrabCut with a learned CNN classifier and a dense conditional
random field, optimizing an energy over pixel labels and iteratively updating the training
targets, and was demonstrated on fetal brain and lung MRIL.

A box provides only an inside/outside constraint, so distinguishing multiple adjacent
anatomical structures relies on additional cues: appearance-based pairwise terms such as
the dense CRF in DeepCut, class-specific boxes that assign different targets to different
boxes, box-tightness priors, and multi-instance constraints. The main failure mode is the
case in which two structures share a box or are tightly adjacent with similar intensity; there,
the inside/outside constraint alone cannot separate them, and additional supervision or a
boundary-aware prior is required.

BoxSup formulates box-supervised segmentation as an alternating optimization prob-
lem [12]. Let S denote a candidate segment and B a ground-truth bounding box. The
overlapping objective is as follows:

1
€=x5 ;O —IoU(B, $))é(Ip,s), (1)

where IoU(B, S) is the intersection-over-union between B and the tight bounding box of S, and
4(-,-) is one when the semantic labels agree and zero otherwise. The regression objective is as
follows:

&= dXe(p),1s(p)), (12)
14

and the combined objective is ming ;. , 3", (&, + AE,), with A representing a fixed weighting
parameter.

Earlier, fully supervised organ segmentation work such as DeepOrgan [70] is included
here only as historical context; it uses full pixel-level labels and is not a weak-label method.
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In contrast, RAUNet’s limited-annotation COVID-19 lung-infection segmentation [71] sits at
the weakly or coarsely labeled end of the spectrum, while box-only instance methods such
as BoxSnake [72] show that a box can drive polygon-level masks, albeit so far outside the
medical domain. Later medical variants tighten the box into a mask via region masking [73]
or bounding-box-controlled training [74]. More recent weakly supervised 3D pipelines,
such as the probabilistic-aware framework of Jiang et al. [75], convert sparse 3D point labels
into dense pseudo-labels and incorporate annotator confidence into both the network and
the loss, achieving up to 18.1% Dice improvement on CT and MRI datasets and matching
fully supervised performance on some organs.

DeepCut formulates box-supervised segmentation as energy minimization over a
densely connected CRF [17]. The energy is as follows:

HOEDWADEDW AN (13)

i<j

where the pairwise term is as follows:

(I = 1)
¥ (fif;) o< exp —T , (14)
and the unary term is the negative log-likelihood of a CNN,

lpu(fi) = _logp(]/i | x, ©). (15)

The key empirical question is how much accuracy the box’s missing interior boundary
costs. The answer is strongly organ- and dataset-dependent: BoxSup reports an mloU
gap of approximately 1.8 percentage points on PASCAL VOC [12], with approximately
62.0% under box supervision and 63.8% under full-mask supervision. Simple Does It
reaches ~ 95% of full quality [56], and DeepCut reports Dice gaps of 7.5% on fetal brain
and 12.9% on fetal lung [17]. The gap is therefore not uniform across targets, and generic
box-supervision surveys obscure this by aggregating over easy organs.

Beyond box supervision, a related line of work replaces box annotations with sparse 3D
point annotations and transforms them into dense confidence maps; Figure 4 summarizes
the probability-aware framework of Jiang et al. [75]. While this framework uses sparse
3D points rather than boxes, it is included here as a representative of the broader sparse-
supervision family.

3.3. Scribble Supervision: A Practical Middle Ground

Scribbles are free-hand strokes that trace object interiors [18]. They provide a useful
compromise between annotation burden and spatial information: they are substantially
sparser than a full mask while directly specifying interior pixels. Several studies report
scribble methods approaching, matching, or in some cases exceeding the reported fully
supervised reference under their own evaluation protocols [20,21,39,40]; these results
should not be generalized across datasets without checking the split and baseline.

The scribble family can be analyzed along several mechanistic dimensions: pseudo-
label generation, consistency regularization, architecture design, volumetric extension,
classical constraint losses, and application-specific variants. These dimensions are not
mutually exclusive. Many methods combine several of them, and the boundaries between
them are often blurred by implementation choices. We therefore review them as connected
strands rather than as separate categories.
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Figure 4. Overview of the probability-aware learning framework for weakly supervised 3D medical
image segmentation. (a) Probability-based pseudo-label generation transforms sparse 3D point
annotations into dense Gaussian confidence maps. (b) The probabilistic multi-headed self-attention
(PMSA) module models the dependency scores as a Gaussian distribution and samples them via the
reparameterization trick. (c¢) The KL loss constrains the learned attention distribution by anchoring it
to a data-informed prior. (d) The probability-informed segmentation loss combines Dice loss with a
confidence-weighted cross-entropy term. Reproduced from [75] under CC BY-NC 4.0.

The dominant strategy is to grow the scribble into a full pseudo-mask and train
on it. The lineage runs from ScribbleSup [18] in natural images to medical adaptations
such as Scribble2Label [19], which generates self-training pseudo-labels with consistency,
MAAG [39], which uses multi-scale adversarial attention gates, and DMPLS [76], which
introduces a dual-branch network with dynamically mixed pseudo-labels.

ScribbleSup formulates scribble-supervised learning as a graphical model over
superpixels [18],

Z iy 1 X,5) + Z Vi (Y y; 1 X), (16)
i L

where ¢; combines a scribble-based unary term and a network-based unary term, and ¢;;
is a pairwise appearance term between adjacent superpixels. The recurring failure mode
is pseudo-label noise: erroneously grown regions reinforce themselves. Consistency and
uncertainty mechanisms are therefore often added to suppress that noise.

Let S C () denote the scribble region and y,, the scribble label at pixel p € S. The partial
cross-entropy loss is [18,19]

Loce = = Z logp(yp | xp), (17)
peS
which is the loss used by ScribbleSup, Scribble2Label, and most subsequent scribble-
supervised methods.

Because the scribble covers only part of the object, models are trained to make consistent
predictions under perturbations. CycleMix [20] is the clearest instantiation of this idea: it
performs mix-based augmentation with random occlusion, incrementing and decrementing
scribbles, plus global and local cycle-consistency losses, and on ACDC it reaches parity with
fully supervised methods.

CycleMix adds two consistency terms [20]. Its global consistency loss is

L

con-g —

[Loes (P12, G12) + Lones P21,921) 1, (18)

N| —
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where L, is the negative cosine similarity, p;, is the mixed segmentation, and g, is the
segmentation of the mixed image. Its local consistency loss is

1
L’con—l = E[Ocncs(yllc(yl)) + "Cncs(gZIC(gZ))]/ (19)

where C(-) is a morphological operation that outputs the largest connected area of each
non-background class. Later consistency refinements include ScribbleVC’s vision-class
embedding [77], superpixel-guided scribble walking [78], SRPA’s scribble-match pixel
alignment [79], PCLMix’s pixel-level contrastive learning [80], and SDT-Net’s dynamic
teacher switching with hierarchical consistency [60], which reaches 90.8% on ACDC and
90.0% on MSCMRseg.

Architecture design provides a complementary route. Recovering global shape from
sparse scribbles remains challenging, and ScribFormer [21] addresses this with a triple-
branch CNN, Transformer, and ACAM design that fuses local CNN features with global
Transformer representations and an attention-guided class-activation map, outperform-
ing prior scribble methods and most fully supervised ones at lower annotation cost.
HELPNet [52] reaches comparable ACDC accuracy via hierarchical perturbation consis-
tency and entropy-guided ensembling. These works show that architecture and supervision
interact: stronger backbones can improve the use of sparse labels, but the reported gains
cannot be attributed to label type alone.

Volumetric extension is harder because annotating every slice is impractical. Most
scribble research remains 2D, typically on cardiac cine MRI. Han et al. [81] propose a triple-
branch multi-dilated network with pixel- and class-wise consistency for 3D multi-organ
scribble segmentation; Chen et al. [82] (“Scribble2D5”) learn volumetric segmentation from
sparse 2D scribbles; and reference-set shape priors [83] regularize 3D scribble learning.
This remains an under-served but high-value sub-area: most clinical targets are 3D, yet the
scribble literature remains 2D-dominated.

Classical constraint losses remain competitive in this setting. Before deep pseudo-
labeling took over, scribbles were regularized with graph, CRF, and level-set constraints.
Gated CRF [84] remains a strong, lightweight supervision loss, and normalized-cut and
geodesic formulations [77] are still used where datasets are small. These remain useful as
regularizers that modern deep methods combine with pseudo-labels, and they matter most
in the low-data regime where learned pseudo-labels are unreliable.

Beyond these strands, a long tail of specialized designs targets particular settings rather
than proposing a new mechanism. Hierarchical and PU-learning formulations address
brain-tumor MRI under scribble supervision [85,86]; interaction- and efficiency-oriented
networks, including online-likelihood designs and regularized triangular flows, target the
low-compute regime [87]; application-specific studies cover COVID-19 infection on chest CT
and breast cancer in DCE-MRI [88,89]; and non-iterative pacing schedules, masked context
modeling, and query-based MaxViT backbones revisit how pseudo-masks are generated
and refined [90-92]. Recent surveys on label-noise learning further warn that pseudo-label
noise, which is pervasive in weak supervision, can silently degrade segmentation and
downstream diagnosis [93]. Weakly supervised multi-task designs such as WML-Net [94]
show that segmentation and classification can reinforce each other even without dense mask
annotations: a dual-branch pseudo-mask generation module plus a feature enhancement
module improves carotid plaque classification by roughly 3% while eliminating the need for
manual segmentation masks. These works populate rather than reorder the strands above,
but they are frequently the closest match to a practitioner’s actual modality and organ. The
corresponding ACDC results are summarized in Table 4, while Figure 5 illustrates two
representative scribble-learning designs.
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Table 4. Scribble-supervised methods on ACDC (average Dice over LV/RV/MYO). All values are
reported under the standard 70/15/15 ACDC partition. The CycleMix value (84.8%) is the number
reported in the ScribFormer and SDT-Net benchmark tables under the standard 70/15/15 split, not
the value in the original CycleMix paper, whose main ACDC results use a 35-image training setting
(84.8%) and the full 70-image training set (85.5%). The Scribble2Label value (82.0%) is likewise
taken from the ScribFormer benchmark under the 70/15/15 partition. The HELPNet value (88.8%)
is the SDT-Net benchmark result under the same split. These three values are therefore re-reported
benchmark values under a common split rather than the original authors” primary evaluations, and
are comparable within this table but not with results obtained under other partitions.

Method Avg Dice (%) Mechanism Axis

UNet,. [21] 56.2 Partial-CE baseline (no pseudo-label)
UNet,,, [21] 79.1 Classical Random-Walker pseudo-label
Scribble2Label [19] 82.0 Label-filtered pseudo-label

CycleMix [20] 84.8 Mix-aug + cycle consistency

DMPLS [76] 87.2 Dual-branch dynamic mix

ScribbleVC [77] 88.4 Vision-class embedding

ScribFormer [21] 88.8 CNN, Transformer and ACAM
HELPNet [52] 88.8 Perturbation + entropy ensemble
SDT-Net [60] 90.8 Dynamic teacher switching + hierarchical consistency
nnU-Net [5] 92.0 Upper-bound reference

All values in Table 4 are reported under the standard 70/15/15 ACDC partition. Results
obtained under different partitions, including the full 70-subject training set, are excluded
from the main table to ensure comparability. The 70/15/15 convention is independently
corroborated by the recent SDT-Net benchmark [60], which reports 88.8% for ScribFormer,
88.4% for ScribbleVC, and 87.2% for DMPLS under exactly this split, matching the values
tabulated above. The lower-bound rows (UNet,e /s, S2L) and the nnU-Net reference row
come from ScribFormer’s ablation and benchmark tables [21] on the same partition. The
CycleMix value of 84.8% is likewise the re-reported benchmark value under the standard
70/15/15 split rather than the original CycleMix paper’s primary result, whose ACDC
evaluation used a different training protocol. The DMPLS value of 87.2% is taken from the
SDT-Net benchmark under the standard 70/15/15 partition, so that all values in the table are
reported under the same split. For CycleMix, Scribble2Label, and HELPNet, the tabulated
values are therefore re-reported benchmark numbers from ScribFormer and SDT-Net rather
than the original authors’” primary evaluations, and they are comparable within this table
but not with results obtained under other partitions. Because ACDC scribble numbers are
split-sensitive, the numerical gap should be interpreted within each cited benchmark rather
than as a universal 2—4% rule.

(a) CycleMix: mix-aug + cycle-consistency (b) ScribFormer: CNN-Transformer-ACAM

cycle-consistency loss

/’_\ CNN Transformer ACAM
(local) (global) (attention)
r BN

grow mix shrink
Fusion - mask

scribbles dynamically grown / shrunk
under mix augmentation

Figure 5. Scribble family, two panels. (a) A schematic of CycleMix’s mix-augmentation with cycle-
consistency [20]: scribbles are dynamically grown and shrunk. (b) A schematic of ScribFormer’s
triple-branch CNN-Transformer—ACAM architecture [21].
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3.4. Point, Click, and Interactive Supervision

Points and clicks are among the most explicitly human-in-the-loop forms of sparse
supervision: a user provides localized corrections or prompts, and the model updates its
segmentation accordingly. This family spans classic interactive segmentation, including
{-CN [53], BIFSeg [22], DeeplGeoS [23] (geodesic refinement), and Roth et al.’s “extreme
points” regime [9], to modern click-driven models such as RITM [24] and SimpleClick
[25]. Beyond clicks, partial-points annotation, as demonstrated for nuclei segmentation
[95], shows that even a sparse set of labeled points can supervise a full mask. The defining
economic property is asymptotic accuracy: with enough clicks, interactive methods can
approach full supervision, but the cost is the click budget, which must be counted on the
same economic axes as other labels [9]. Representative point- and click-based results are
collected in Table 5. As in Table 1, cost is reported on an ordinal scale, and natural-image
entries are marked as methodological context rather than medical evidence.

Table 5. Representative point-, click-, and interactive-supervision results. Cost is expressed on the
same ordinal scale used in Table 1 (Very low, Low, Medium, High, and Very High), and evidence
type distinguishes primary medical evidence from natural-image methodological context. Values are
reported under the metric used by each source and are not directly comparable across rows.

Method Prompt Type Ordinal Cost Reported Accuracy Evidence Type
2D placenta: 89.31% vs. 85.86% before
DeeplGeoS [23] Scribble + clicks Low to medium  refinement; 3D brain tumor: 89.93% Medical
vs. 87.55%
Roth et al. ) Dice 0.948 (MSD-Spleen) down to 0.703 .
“extremes” [9] Extreme points Very low (MO-Pancreas); gap 1.0-4.4% vs. full Medical
BIFSeg [22] Box + clicks Low Interactive refinement of box-initialized Medical

masks; image-specific fine-tuning

f-CN [53] Low Classic interactive object selection Natural (context)
SimpleClck 25 Low raturl image benchmarke Natural (context)
%ﬁ:ﬁ%ﬁg]rompt_ Scribble, box, click Low to medium Zgg;ié:ﬁﬁgﬁgﬂiﬁﬁles’. HD95 1.80; Medical
MedSAM [46] Box/point prompt  Low (box) ?Xf&gg&?ﬁ;gvfgsgo—k 60 tasks; 3D tumor Medical
Gaze + VLM [58] Gaze + text Medium 80.78/80.53/84.22 Dice on Medical

Kvasir-SEG/NCI-ISBI/ISIC

Rows between the first and second midrules are natural-image methodological context; all other rows
are primary medical evidence. Natural-image entries (f-CN, RITM, and SimpleClick) are included as
methodological context only and should not be read as medical performance evidence. Cost entries
are study-specific and indicative rather than universal.

Two shifts matter for this review. Interactive prompting and weak supervision are
closely related but not identical: a scribble can serve as a sparse training annotation or as an
inference-time prompt, depending on the pipeline. Foundation models have also redefined
the baseline (detailed in Section 4). SAM [45] and MedSAM [46] treat clicks, scribbles,
and boxes as prompts, delivering strong zero-shot masks; ScribblePrompt [49] shows
that an interactive U-Net trained on heterogeneous weak prompts matches ScribFormer’s
Dice (0.84 vs. 0.85, p = 0.70) on ACDC scribbles while needing less annotation time and
yielding lower HD95 (1.80 vs. 4.05) [49], an economics-framed comparison that previews
Section 4. The 0.85 value is the ScribFormer Dice reported inside the ScribblePrompt
study under its own evaluation setting. Under the standard 70/15/15 ACDC partition,
ScribFormer reports 88.8% in its original paper (Table 4). The two values are therefore
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not directly comparable, and the reader should use the standard-partition value of 88.8%
when comparing ScribFormer with other scribble methods on ACDC. Recent gaze-based
and VLM-assisted interactive methods push this further. The teacher—student framework
of Chen et al. [58] fuses clinician gaze with vision-language model explanations, achieving
Dice values of 80.78%, 80.53% and 84.22% on Kvasir-SEG, NCI-ISBI, and ISIC, improving
3-5% over gaze-only baselines without increasing annotation burden.

3.5. Cross-Cutting Mechanisms: Semi- and Self-Supervised Techniques as Structural
Enhancements to Weak Labels

Having organized methods by label type, we now extract the mechanisms that are
label-type-agnostic, that is, the techniques a practitioner reaches for regardless of whether
the weak signal is a tag, a box, or a scribble. Semi-supervised and self-supervised techniques
are discussed here as structural enhancements to weak-label learning, not as weak-label
types themselves. Framing them separately allows Section 5 to ask which mechanism
best serves a diagnostic goal, rather than which method achieves the highest score on a
given dataset.

Pseudo-labeling and self-training grow sparse labels into dense ones and are com-
mon across weak-supervision settings (Sections 3.1 and 3.3). Their main failure mode
is error accumulation, which motivates the use of additional regularization. Constraint
losses such as DenseCRF [96] (the dense-CRF of DeepLab [97]), entropy minimization [16],
and Gated CRF [84] encode the prior that nearby pixels with similar appearance share
a label; they therefore act as regularizers on pseudo-labels and can be important in the
low-data regime. Consistency and self-ensembling provide another transferable mecha-
nism. Mean-Teacher [28] and uncertainty-aware variants (UA-MT) [29] encourage agree-
ment under perturbation. Although this principle originated in semi-supervision, which
we hold at the boundary (Section 1), it is routinely borrowed by weakly supervised
methods, with CycleMix’s cycle consistency [20] and SDT-Net’s hierarchical consistency
providing direct examples. Medical instantiations include Interpolation Consistency
Training [98], Cross Pseudo Supervision [99], Dual-Task Consistency [100], Mutual Con-
sistency (MC-Net+) [101], Uncertainty Rectified Pyramid Consistency [102], the self-
supervised SS-Net [103], pseudo-label guided contrastive learning [104], causality-inspired
learning [105], and the Uncertainty-guided Collaborative Mean-Teacher (UCMT) [106].
Uncertainty weighting further uses model uncertainty to suppress unreliable pseudo-label
regions, as in UA-MT [29] and HELPNet's entropy-guided ensemble [52]; the probabilistic-
aware 3D framework of Jiang et al. [75] additionally integrates annotator confidence into
the loss. Representation learning acts as a force multiplier rather than a new label type:
self-supervised pre-training such as Models Genesis [31], TransVW [32], and SwinMM [33]
can improve the starting representation and thereby reduce the amount of weak supervision
needed to reach a given performance level. Synthetic and generative data provide another
emerging mechanism, because diffusion and generative models can manufacture training
pairs that partially compensate for scarce annotations; this direction is revisited in Section 6.

These mechanisms use unlabeled or self-generated signal to compensate for labels that
were not collected. They are the reason the cost-accuracy frontier of Section 2 (Table 1)
keeps moving toward lower annotation time and the reason the next section asks whether
foundation models have made the whole weak-supervision problem moot.

4. Foundation Models and the Re-Encoding of Weak Supervision

This section examines how the rise of segmentation foundation models (FMs), above
all the Segment Anything Model (SAM) and its medical derivatives [45-49], reshapes
the weak-supervision problem rather than abolishing it. We keep the lens introduced in
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Section 2 (annotation economics) and the taxonomy built in Section 3 (labels ordered by
granularity) and examine which parts of the supervision burden are reduced, retained, or
shifted by FMs.

4.1. The Foundation-Model Shift: From Task-Specific Training to Promptable Segmentation

Medical image segmentation has traditionally relied on models trained end-to-end on a
specific dataset for a specific organ. The weak-supervision literature of Sections 2 and 3 was
a response to the resulting labeling cost: if dense masks are unaffordable, one can train on
boxes, scribbles, or image-level tags instead. The Segment Anything Model (SAM) changed
this premise [45]. SAM is trained on SA-1B, comprising 11 million natural images and
roughly 1 billion masks [45], to perform promptable segmentation: given visual prompts
such as points, boxes, or masks, it returns a segmentation without task-specific retraining.
This reframes supervision as an interaction rather than a dataset. Formally, promptable
segmentation learns a mapping:

M =f,(I,P), PePp, (20)

where [ is the input image, P is a prompt, and P is the prompt space that includes points,
boxes, scribbles, and masks. SAM predicts multiple masks for a single prompt to remain
ambiguity-aware, and the final mask is selected by an estimated IoU score [45].

A SAM prompt can be interpreted as weak human guidance, but it is not necessarily a
training weak label. A bounding-box prompt is analogous to the box supervision reviewed
in Section 3.2, while clicks and scribbles can be used either as training annotations or as
inference-time prompts. This distinction matters economically: classical weak supervision
incurs human annotation costs primarily during dataset construction, whereas promptable
foundation models may incur additional interaction costs at inference time. Although pre-
trained models can reuse similar interaction types across tasks, medical-domain adaptation
may still require substantial supervision. As illustrated in Figure 6, the correspondence
between traditional weak labels and foundation-model prompts is conceptual rather than
strictly one-to-one. Similar spatial signals may supervise model training or guide segmen-
tation at inference time, but their roles and associated costs differ. Figure 6 summarizes the
relationship between the weak-label spectrum and prompt-based inference.

How to classify SAM-based systems. SAM-based systems do not fit into a single
category. Their classification depends on where the supervision comes from and when
it is applied. If a human provides a point, box, or scribble at inference time, the system
is best described as interactive segmentation and, under this review’s definition, as an
inference-time form of weak supervision, because the prompt is a cheap signal explicitly
authored by a human. If the prompt is generated automatically by another model with
no human interaction at inference time, the system is better described as transfer learning
or foundation-model adaptation, as discussed in Section 4.4. If SAM is used offline to
generate pseudo-labels for training a downstream segmentation model, then SAM acts
as a pseudo-labeler, and the overall pipeline remains a weak-supervision pipeline, even
though the prompt itself may be automatically generated. Finally, if SAM is fine-tuned
on a large medical corpus and then used with prompts, it is a separate foundation-model
paradigm that inherits both transfer learning and interactive segmentation. We therefore
treat SAM-based systems as a cross-cutting family rather than as a single weak-label type.
The relevant question for the annotation-economics framework is not which label the system
belongs to but where the human supervision enters the pipeline, how much it costs at that
point, and whether the resulting mask is accurate enough for the downstream task.
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Point/click Bounding box Scribble Coarse mask Full mask

Training stage
(traditional weak labels)

©.g. single point e.g, rectangle box e.g, scribble ©.g., coarse region e.g., complete mask

Pointiclick Bounding box Scribble Coarse mask Full mask

Foundation model
inference stage
(promptable interaction)

e.., single point e, rectangle box e.g., scribble e.g., coarse region €., complete mask

lllustrative spatial information density i }

Figure 6. Prompts as re-encoded weak labels. The upper row shows traditional weak labels used
during training, while the lower row shows corresponding prompts used for foundation-model
inference. The prompt types are ordered by increasing spatial information density, consistent with
Figure 1. Annotation costs are indicative ordinal levels rather than measured times. Human-provided
prompts are treated as inference-time weak supervision, whereas automatically generated prompts
are considered transfer learning or foundation-model adaptation. This is an original schematic created
by the authors; no third-party material is reproduced.

4.2. How FMs Re-Encode Weak Labels: Prompts as a New Supervision Currency

Repeated inference-time prompts occupy a distinct position on the weak-label spectrum.
A single prompt is an inference-time analogue of a sparse weak label, but when a clinician
issues several corrective prompts in sequence, the supervision is cumulative: each round
adds spatial information and expert time, and the total cost grows with the number of
rounds. In the spectrum of Figure 1, repeated prompting therefore sits between a one-shot
weak label and full supervision, and its position depends on the number of interaction
rounds rather than on the label type alone. Economically, this cost enters the inference
and correction terms of Equation (1), not the training-time annotation term, which is why
prompt efficiency (the number of rounds needed to reach an acceptable mask) is itself an
annotation-economics quantity. The economic logic of Section 2 extends to the foundation-
model setting, but the unit of account shifts from annotation time per training example to
interaction cost per inference instance. Table 6 summarizes representative prompt types
and their study-dependent costs, while Figure 6 illustrates their conceptual correspondence
with traditional weak labels. The figure emphasizes the spatial information conveyed by
each prompt type rather than providing a quantitative ranking of interaction time. The
reported times and segmentation results in Table 6 should therefore be interpreted in
the context of their original studies and annotation protocols. Sparser prompts generally
provide less spatial information, and zero-shot performance varies substantially with target
size, contrast, modality, and prompt quality (Table 7 and Figure 7). At the same time,
foundation models do not eliminate human involvement; they shift some of the effort from
offline dataset annotation to online inference. The resulting annotation economics therefore
depend not only on the initial cost of training data but also on the frequency and effort of
user interactions during inference.
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Table 6. Prompts as a re-encoded weak label (annotation economics; cf. Section 2 and Table 1).
Time values are study-dependent and should be interpreted as indicative rather than universal;
the bounding-box entry is derived from reported ratios in [13,17]. Prompt types are classified
according to Section 4.1: human-provided prompts count as inference-time weak supervision, whereas
automatically generated prompts are treated as transfer learning or foundation-model adaptation.

Approx. Representative
Prompt Type Weak-Label Analogue . Information Content . .
ptiyp & Time/Instance Medical Dice
oint/click supervision SAM ~ 0.50 zero-shot
Point (1-few clicks) P p seconds very sparse (seed) [107]; SAM-Med2D
[9,23-25] o
1 pt =70.0% [47]
representative
) box weak label . P
Bounding box study-dependent region-level zero-shot/adapted
[12,13,17] .
results in [46,107]
. seconds to ScribblePrompt: Dice
. scribble weak label . o) 1 P o
Scribble [10,20,21] (Section 3.3) approximately one curve-level +15%, time —28% vs.
Y ’ minute, estimated SAM [49]
Full mask full supervision minutes—-hours (3D) dense nnU-Net ceiling [5]
(a) SAM’s accuracy in 12 medical image segmentation datasets
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Figure 7. The zero-shot gap of vanilla SAM on medical images. (a) Dice overlaps of five medical-
image-specific algorithms and three SAM variants. (b) Scatter plots of SAM’s Dice versus U-Net's
Dice across datasets, for SAM-Semantic (left), SAM-Point (middle), and SAM-Box (right). SAM’s
zero-shot performance is consistently below medical-image-specific models, and the gap is largest for
point prompts and small targets. Reproduced from [107] under CC BY 4.0.

https://doi.org/10.3390/math14213862


https://doi.org/10.3390/math14213862

Mathematics 2026, 14, 3862

25 of 42

Table 7. Foundation-model family on medical segmentation. Numbers are not from a single bench-
mark; frame each cell as representative of the cited study, not a head-to-head leaderboard. The
classification of each system follows Section 4.1: interactive use with human prompts is treated as
inference-time weak supervision, while automatic prompting and large-corpus fine-tuning are treated

as transfer learning or foundation-model adaptation.

Model

Training Scale

Prompt(s) Tested

Representative/Mean Dice

SA-1B: 11 M natural imgs, ~1 B

zero-shot point ~ 0.5, box =~ 0.6

Vanilla SAM [45] masks point/box (12 datasets) [107]; BTCV 1/3/10
pt = 0.548/0.631/0.704 [108]
MedSAM [46] 1.57 M medical pairs, 10 modalities  box avg 0.85 over 8.6 N §0 tasks; 3D
tumor annotation time —82%
. . best case up to 93.6% DSC, 97%
MedSAM + TTA [109] MedSAM + random circular shifts ~ box NSD on MSD,/KiTS/COVID-19-20
. test box 79.3% vs. SAM 61.6%; 1 pt
SAM-Med2D [47] ifgﬁ;mgs’ 19.7 M masks, 31 box/point 70.0% vs. SAM 18.9%; 9-challenge

gen. 81.9%

SAM-Med3D [48]

143 K-mask corpus; 131 K training
masks

point (volumetric)

10 pt 60.9% vs. SAM 17.0%,
SAM-Med2D 42.8%

user study: Dice +15%, time —28%

ScribblePrompt [49] 65 datasets, ~54 k imgs scribble/click/box vs. SAM; 0.27 s/pred on CPU
. no manual prompt; qualitative
ABP-SAM [110] SAM + GV-Adapter + Auto Bbox auto box improvements on complex lesions

Prompter

(no Dice reported)

MedSAM-2 [111]

SAM 2-tiny fine-tune

BTCV 88.57% (box+sparse);
+0.70% over MedSegDiff; 5% vs.
full prompt —2%

box + sparse (one-prompt)

4.3. The Medical Adaptation Ladder

SAM’s zero-shot transfer to medical images is highly variable and is generally weaker
on low-contrast, small, or complex targets, as reported by several benchmarks [107,108,112]
and visualized in Figure 7. The field’s response has been a ladder of medical adaptation,
trading additional medical supervision for improved prompt-driven accuracy.

A further distinction concerns prompt provenance. A model can be evaluated with
ground-truth-derived prompts, with human-drawn prompts, or with simulated prompts
generated from existing masks; these are not equivalent. Ground-truth-derived boxes or
points are an evaluation shortcut that removes prompt-placement error, whereas a clinician
must draw the prompt in practice, and simulated prompts occupy an intermediate position.
Studies typically state the prompt source in their evaluation protocol; where they do not, the
prompt should be assumed to be ground-truth-derived if the benchmark reports box-prompt
Dice against a reference mask. Dice obtained with ground-truth-derived prompts should
therefore be read as an optimistic upper bound relative to realistic clinical prompting.

Vanilla SAM [45] performs poorly on many medical datasets: point-prompt mean Dice
is approximately 0.5 and box-prompt Dice is approximately 0.6 across 12 datasets [107];
on BTCV, even 10 points reach only 0.704 [108]. The failure modes are systematic for
small targets, low contrast, and 3D consistency because SAM is natively 2D [107,112].
MedSAM [46] fine-tunes the SAM image encoder and mask decoder on 1,570,263 medical
image-mask pairs spanning 10 modalities and more than 30 structures while retaining the
box prompt. It reports an average Dice of 0.85 over 86 internal and 60 external tasks and, in a
user study, reduced expert 3D-tumor annotation time by more than 82%. MedSAM provides
a strong example that a box prompt, when paired with medical-domain adaptation, can
substantially reduce manual dense-labeling effort for many structures. Subsequent work
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has improved MedSAM'’s robustness at test time: Nazzal et al. [109] combine MedSAM
with test-time augmentation using random circular shifts, reaching up to 93.6% DSC and
97% NSD on MSD, KiTS, and COVID-19-20 CT datasets, with notable gains on pancreas
and colon boundaries. SAM-Med2D [47] pushes scale further, with 4.6 M images and
19.7 M masks spanning 10 modalities and 31 organs, together with adapter layers and
interactive correction-point training. On its test set, box Dice is 79.3% versus SAM’s 61.6%,
and a single point reaches 70.0% versus SAM’s 18.9%; on nine MICCAI-2023 challenges,
the box-prompt generalization average is 81.9%. SAM-Med3D [48] restores volumetric
consistency: its SA-Med3D-140K corpus contains about 143 K masks, with 131 K used for
training, covering 247 categories; it was evaluated on 15 volumetric datasets. With 10 prompt
points it reaches 60.9% Dice, versus 42.8% for SAM-Med2D applied slice-wise and 17.0%
for vanilla SAM, directly quantifying the 2D-to-3D gap that Section 3.3’s scribble methods
also struggle with. ScribblePrompt [49] is particularly relevant to this survey’s thesis.
Trained on 65 open-access datasets (~ 54 k images) with simulated scribbles, clicks, and
boxes, it accepts the same cheap labels studied in Sections 2 and 3 through one lightweight
network that runs on a single CPU (0.27 s/prediction). In a 16-expert user study, it reduced
annotation time by 28% and improved Dice by 15% versus SAM, at approximately 1.5 min
per segmentation versus SAM’s more than 2 min. ScribblePrompt is therefore an example of
weak supervision combined with a foundation model as an interactive tool. ABP-SAM [110]
removes manual prompts by integrating a Gated Vision Adapter into SAM’s frozen encoder
and an Auto Bbox Prompter that generates bounding boxes from encoded features, reducing
clinical interaction while preserving SAM’s generalization. This is a concrete instance of
the FM-as-weak-supervisor idea in which the prompt is produced by a lightweight module
rather than directly by a clinician. MedSAM-2 [111] and SAM 2 [113] extend the paradigm
to video and 3D by treating a volume as a sequence and propagating a single prompt across
slices. MedSAM-2 reaches 88.57% Dice on BICV with box and sparse prompts, reported as
+0.70% over the fully supervised diffusion model MedSegDiff and +36.97% over zero-shot
SAM 2; with 5% prompt coverage, the reported Dice drop is only 2% on BTCV, compared
with 7.5% for SAM 2 [111]. Table 7 summarizes the representative foundation-model results,
while Figure 8 visualizes the corresponding medical adaptation ladder.

(a) SAM architecture (b) Medical adaptation ladder

natural images only

Image encoder

1.57 M image-mask pairs

prompts
Prompt encoder (point / box / SAM-Med2D 19.7 M masks / 4.6 M images
scribble / mask)

SAM-Med3D 131 K 3D masks / 247 classes

Mask decoder ScribblePrompt scribble + click interaction

pre-training corpus: SA-1B — 11 M images,
=~ 1.1 B masks (natural images)

video / 3D propagation

Figure 8. The adaptation ladder. (a) MedSAM fine-tunes SAM’s image encoder and mask decoder on
a large medical corpus. Reproduced from [46] under CC BY 4.0. (b) The medical adaptation ladder
with training-corpus scale, showing where the 1.57 M-pair MedSAM corpus [46] sits relative to SA-1B
and its successors.

https://doi.org/10.3390/math14213862


https://doi.org/10.3390/math14213862

Mathematics 2026, 14, 3862

27 of 42

4.4. Do Foundation Models Dissolve the Weak-Supervision Problem?

The central observation of this section is that foundation models change the location and
form of human supervision rather than simply eliminating it. Following the classification
in Section 4.1, we treat human-prompted SAM use as an inference-time form of weak
supervision, automatic prompting as transfer learning or foundation-model adaptation, and
SAM-based pseudo-labeling as part of a weak-supervision pipeline. The evidence cuts in
both directions, and a survey that only celebrated FMs would mislead the reader interested
in the annotation-economics argument of Section 2.

FMs can substantially reduce annotation time: MedSAM’s > 82% reduction in 3D
tumor labeling [46] and ScribblePrompt’s 28% saving [49] are large in the cited settings, and
for high-contrast, large structures such as liver against fat or kidney against retroperitoneum,
a box or a few clicks can already yield useful masks [46,49]. Generalization can also reduce
task-specific training, since a single FM can serve multiple modalities and structures and shift
part of the labeling effort toward prompt-based interaction, although upstream adaptation
and validation costs remain [46,47]. The prompt itself can be a low-burden supervision unit
as well: Table 6 shows that box or scribble prompts may require only seconds to minutes of
interaction in the cited studies and can approach supervised references for selected targets.

Automatic prompts and the boundary of weak supervision. If a prompt is generated
entirely by another model and no human interaction occurs at inference time, it does not
satisfy this review’s definition of weak supervision, because the inference-time signal is
not explicitly authored by a human. Such a system is better described as transfer learning,
foundation-model adaptation, or auto-prompting. This distinction matters for annotation
economics. An auto-prompting module can reduce clinician interaction, but it does not
remove supervision; it moves the supervision upstream, because the module itself must be
trained, validated, and maintained. ABP-SAM [110] is a representative example: its Gated
Vision Adapter and Auto Bbox Prompter reduce manual prompting, but the auto-prompter
is itself trained on annotated data, so the human supervision is shifted upstream rather than
removed. We therefore treat automatic prompting as a boundary case that can be part of a
weakly supervised pipeline without being a weak-label type in its own right. The relevant
question for the annotation-economics framework is not whether the prompt is generated
automatically but where the human supervision enters the pipeline and how much it costs
at that point.

The problem, however, is relocated rather than eliminated. A prompt is still hu-
man supervision, because someone must place the box, draw the scribble, or click the
seed; the economy of Section 2 is therefore shifted from offline labeling to online inter-
action, and prompt design becomes part of supervision design [107,112]. The zero-shot
gap also remains large for hard cases: vanilla SAM sits at ~ 0.5 Dice under points and
fails on tumors, small structures, and low-contrast boundaries [107,108,112], and even
adapted FMs regress on unseen MRI sequences and small lesions (SAM-Med3D unseen-
lesion Dice ~ 48% vs. seen ~ 50-67%) [48]. This residual gap is precisely the gap that
Sections 2 and 3 tried to close with smarter weak labels. In addition, the upstream anno-
tation cost is itself substantial: MedSAM’s 1.57 M pairs [46] and SAM-Med2D’s 19.7 M
masks [47] are dense or densely curated annotations, so a large part of the effort is shifted
to the construction and curation of medical training corpora. Evaluation can also hide the
real cost, because most FM benchmarks prompt with a ground-truth-derived box [46,107],
whereas a clinician must draw the box in practice, and prompt quality strongly affects
the result [107]; the resulting Dice can therefore be more optimistic than performance
under realistic clinician-generated prompts. Finally, 3D consistency remains open, since
natively 2D FMs segment slices independently and 3D-specialized models, including the
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3D scribble networks discussed in Section 3.3, still handle volumetric continuity better
per FLOP [48,112].

Taken together, FMs transform weak supervision from a training-time optimization into
an interaction-time one and raise the floor for easy structures, but the three questions this
survey cares about persist: what does the cheap label cost, what accuracy does it buy, and
is the residual gap clinically acceptable. FMs also make the Section 5 question, whether the
weak segmentation is good enough for diagnosis, more urgent, because the same model now
produces both the segmentation and, increasingly, the diagnostic suggestion. FMs and weak
supervision are therefore complementary: FMs supply the backbone and generalization,
while the cheap-label taxonomies of Sections 2 and 3 supply the interaction vocabulary and
the economic yardstick. Neither retires the other.

4.5. Open Problems and Forward Look

Several open questions remain. Prompt-quality variance is under-reported: almost no
FM study quantifies Dice as a function of realistic, non-ground-truth prompts [107]. The
distribution of upstream supervision also deserves attention: the 1.57 M-pair MedSAM and
19.7 M-mask SAM-Med2D corpora [46,47], together with the approximately 143 K-mask
SA-Med3D-140K corpus (131 K training masks) [48], concentrate substantial capability in
large medical training corpora, while lightweight adaptations such as MobileSAM [114],
EfficientViT [115], and MCP-MedSAM [116] provide one route toward lower deployment
cost. Three-dimensional native prompting remains less mature than slice-wise 2D FM
interaction [48]. Most importantly for this survey, the diagnostic closure of Section 5 remains
insufficiently tested for FM outputs, since it is not yet established whether a 0.85-Dice FM
mask carries the same diagnostic error profile as a fully supervised one or whether prompt-
induced failures concentrate on clinically important lesions.

5. From Weak Segmentation to Diagnostic Decisions

Dice is not a sufficient endpoint because it is an aggregate, direction-agnostic overlap
measure: a boundary shift that barely changes Dice can still alter the downstream measure-
ment, as shown by Zhovannik et al. [117], where modest contour perturbations reduced
the probability of a significant prognostic stratification from 90% to 28.5%. Dice is therefore
used here as a segmentation-quality descriptor, not as evidence of diagnostic equivalence.
The preceding sections showed that weak labels can retain substantial segmentation per-
formance at lower annotation burden; this section asks whether the residual accuracy gap
changes a downstream measurement or decision. We treat segmentation as the first stage
of a quantitative-imaging pipeline and trace how annotation economy (Section 2), method
choice (Section 3), and foundation models (Section 4) propagate, or fail to propagate, into
diagnostic and prognostic output.

5.1. The Decision Chain: Why Segmentation Quality Is a Clinical Variable

Segmentation is rarely the clinical endpoint. In the dominant workflow it is an in-
termediate stage: image acquisition, pre-processing, segmentation, feature extraction or
measurement, classification or risk stratification, and clinical action [117,118]. Error at any
stage compounds downstream [118]. The same weak labels reviewed in Sections 2 and 3,
such as a box around a fetal organ [17], a scribble on cardiac cine MRI [20,21], or a point an-
notation on a target structure [9], are the inputs to this chain, so the annotation economy of
Section 2 is the first link in a diagnostic argument. Figure 9 illustrates this error-propagation
chain from acquisition and segmentation to downstream assessment.
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Error compounds downstream — weak supervision is one variability source among several

Figure 9. The quantitative-imaging error-propagation chain, inspired by the workflow discussion in a
2025 critical review of Al in cancer MRI [118]: variability at acquisition, registration, and segmentation
propagates to lesion-response and outcome assessment. The figure’s message for this survey is that
weak supervision is one source of segmentation variability among several, and its clinical impact
must be measured at the outcome end, not the Dice end.

5.2. Is Weak Segmentation Good Enough? Two Regimes

The evidence is better described as two task-dependent regimes rather than as a
universal clinical threshold. Table 8 summarizes the downstream uses considered here and
the corresponding sensitivity to segmentation error.

Table 8. Downstream tolerance to segmentation error (regime map). Each row pairs a clinical use
with its sensitivity to the boundary noise that weak labels introduce.

Downstream Use

Representative Metric Sensitivity to Seg. Error Evidence

Aggregate volume/ diameter

weak-supervision studies
report high-80s to low-90s
Dice on ACDC [20,21,39];
direct validation of
volume/diameter error
remains necessary

tumor volume, LV EF, RECIST  Low to moderate (integral)

radiomics review: £2 mm

Shape descriptors sphericity, compactness Moderate dilation or erosion shifts shape
features measurably [119]
Zhovannik [117]:

cnvopy homgncty, iy e

(GLCM/GLRLM/GLSZM) dissimilarity & sn Yy 20070

perturbed realizations;
GLSZM least stable in [120]

Survival/prognostic model

Zhovannik [117]: 28.5% vs.
90% significant realizations
across sensitivity groups

log-rank stratification, C-index ~ High if texture-based

Regime A: aggregate geometric measurements may be relatively tolerant of moderate
boundary error. Volume, diameter, and derived indices such as left-ventricular ejection
fraction integrate information over the segmented region. The cited scribble studies report
Dice values in the high-80s to low-90s on ACDC [20,21,39]; however, Dice alone does
not establish that the resulting clinical measurements are equivalent to those obtained
from manual masks. Aggregate measurements should therefore be validated directly
against manual references and clinically relevant tolerances before weak supervision is used
in practice.

Regime B: high-order and texture features can be boundary-sensitive. Here, the resid-
ual segmentation error may propagate strongly. Leijenaar et al. [120] reported substantial
feature variability under test-retest and inter-observer delineation, showing that even
expert contours can affect radiomic measurements. Zhovannik et al. [117] further used
Monte-Carlo perturbations of gross-tumor-volume contours and found that, for a sensitivity-
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defined feature group, only 1428 of 5000 realizations (28.5%) retained a significant prog-
nostic stratification in one experimental setup, compared with 4508 of 5000 (90%) for the
robust group. These results do not directly measure weak supervision, but they show that
segmentation perturbations that are modest in Dice can still alter downstream radiomic or
prognostic conclusions.

Downstream tolerance is therefore task-specific: aggregate measurements may be less
sensitive to moderate boundary perturbations, whereas texture- and high-order-feature-
based analyses can be substantially more sensitive. The appropriate weak-label budget
should therefore be determined by the required downstream tolerance, not by Dice alone.

5.3. Mechanisms That Close the Loop: From Mask to Decision

The downstream evidence can be separated into direct and indirect links. A box-
or scribble-segmented region can directly yield volume or diameter [17,20,21]. This is
the most immediate path from weak segmentation to a quantitative endpoint, but the
clinical validity of the measurement still needs to be checked against manual references
and application-specific tolerances. Handcrafted or deep features can be extracted from
a weak mask [55]. This route is more sensitive to contour perturbation and should be
accompanied by feature-stability analysis, for example ICC under repeated or perturbed
segmentations [117,120].

End-to-end joint segmentation and classification provide more direct evidence because
the weakly supervised segmentation and downstream classifier are evaluated within the
same pipeline. CardioRadNet [121] is particularly relevant: its point-guided segmentation
achieved a Dice of 0.78, and 88% of radiomic features extracted from semiautomatic ROIs
showed ICC > 0.6 relative to manual ROlIs; the resulting benign-versus-malignant classifier
achieved a balanced accuracy of 0.85. WML-Net [94] similarly couples weak segmentation
and carotid-plaque classification without manual segmentation masks. These studies are
included to illustrate downstream task evaluation rather than to compare weak-label types.
These studies support the feasibility of the bridge, but they are application-specific and
should not be generalized to all organs or diagnostic tasks. The representative links between
spatial supervision, segmentation quality, and downstream endpoints are summarized in
Table 9. The added rows in Table 9 strengthen the bridge in three ways. Leijenaar et al. [120]
show that feature-level stability, not Dice alone, determines radiomic usability: 71% of
features had high test-retest ICC and 91% had high inter-observer ICC, while GLSZM-based
texture features were the least stable. The gaze-plus-VLM framework of Chen et al. [58]
shows that a weakly supervised segmentation method can reach Dice values of 80.78, 80.53,
and 84.22 on Kvasir-SEG, NCI-ISBI, and ISIC while using 2.2 h of annotation time instead of
18.7 h for full supervision. MSIM [122] shows that an interpretability module can improve
downstream-oriented segmentation quality, with ablation gains of 1.6, 1.62, and 2.36 DSC
on Melanoma, Lymphoma, and Lung cancer and improvements of 1.46, 1.27, and 1.93 over
the best competing method.

Vision-language models such as CheXagent [123] demonstrate that image interpre-
tation and report generation can be performed without an explicit segmentation stage.
Its reader study reported a 36% time saving for residents using model-drafted reports,
while attending-radiologist editing time did not differ significantly from resident-drafted
reports. This is relevant as an adjacent endpoint rather than direct evidence that weak
segmentation improves diagnosis. The gaze-plus-VLM framework of Chen et al. [58] is
likewise a middle path linking human visual attention, VLM explanation, and weakly
supervised segmentation.
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Table 9. Representative evidence linking segmentation or weak spatial supervision to downstream
clinical tasks. Studies differ in task, supervision, and endpoint and should not be read as a head-to-

head comparison.

Study

Supervision of

Seg. Quality

Downstream Task

Metric/Finding

Segmentation
high-# group:
Zhovannik et al. [117] GTV manual, surface dice tolerance NSCLC prognosis ﬁiﬁ/lio?gaflfhzih(?gs
’ Monte-Carlo perturbed < 1.18 mm (Cox) & p=7

(28.5%); low-1 group:
4508/5000 (90%)

Leijenaar et al. [120]

Manual, test-retest and
inter-observer

feature-level variability

Radiomic feature
stability

71% high test-retest
ICC, 91% high
inter-observer ICC;
GLSZM-based texture
features least stable

IntelliCardiac [124] (supervised, ACDC) acc 92.6% 5-class cardiac disease =~ acc 98%
benien vs. malienant balanced acc 0.85; 88%
CardioRadNet [121] point-guided (weak) Dice 0.78 VS & of ROI features ICC

cardiac mass

> (0.6 vs. manual

WML-Net [94]

weak (no segmentation

pseudo-masks from

carotid plaque

~+2.98% accuracy over

masks) attention classification baseline
VLM (no explicit . resident time —36%;
CheXagent [123] mask) — CXR report drafting efficiency +81%/+61%
Dice 80.78/80.53/84.22;
. . +3-5% over gaze
Gaze + VLM [58] Gaze + text weakly supermsed Kvasir SEG/NCI- baselines; 2.2 h vs.
segmentation ISBI/ISIC . .
18.7 h annotation time
as reported in [58]
ablation +1.6/1.62/2.36 Melanoma/ multi-scale
MSIM [122] supervised PET-CT DSC; +1.46/1.27/1.93 Lymphoma/Lung . .
. interpretability module
over best baseline cancer

IntelliCardiac and CardioRadNet are included as downstream reference models to illustrate the
diagnostic bridge, not as weak-supervision methods. MSIM is included as an interpretability-oriented
downstream example and is fully supervised. Leijenaar et al. is included as evidence that feature-
level stability, not Dice alone, determines downstream radiomic usability. The 2.2 h versus 18.7 h
annotation-time figures in the Gaze + VLM row are taken from [58].

The downstream sensitivity can be expressed conceptually by treating the clinical
quantity of interest as a function of the predicted mask. If M denotes the reference mask,
M the weakly supervised mask, and g(-) the downstream measurement or decision score,
then the induced downstream error is as follows:

Egown = d(g(M),g(M)). (21)

For example, if g(+) is tumor volume, then Eg,, is the absolute volume error; if g(-) is
a radiomic feature, then Eg,, can be expressed as an intraclass correlation coefficient
between the weak-mask and full-mask feature values. If g(-) is a prognostic score, then
E4own can be expressed as the change in C-index or in log-rank stratification stability. This
expression does not define a universal clinical threshold; rather, it makes explicit why the
same segmentation error can be tolerable for one endpoint and unacceptable for another. In
practice, Eg,n should be evaluated with an endpoint-specific metric such as volume error,
ICC, AUC, or C-index stability, depending on the task.

Worked numerical example. To make Equation (21) concrete, consider the prognostic-
stratification experiment of Zhovannik et al. [117]. Gross-tumor-volume contours were
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perturbed with Monte-Carlo shifts within a clinically relevant surface dice tolerance of
at most 1.18 mm, and a Cox proportional hazards model with median stratification was
fitted for each of 5000 augmented realizations. For the high-# feature group, only 1428 of
5000 realizations (28.5%) achieved a log-rank p < 0.05 in the test set, whereas the low-7
feature group achieved a log-rank p < 0.05 in 4508 of 5000 realizations (90%). If we define
the downstream endpoint as the stability of prognostic stratification, then the induced
downstream error from Equation (21) can be written as

EFe® = [Pr(log-rank p < 0.05 | M) — Pr(log-rank p < 0.05 | M))|. (22)

down

In this example, Equation (22) evaluates to [0.285 — 0.90| = 0.615 for the high-# group,
compared with a much smaller value for the low-# group. This does not define a universal
clinical threshold; it shows how a downstream endpoint can be used to quantify the clinical
cost of weak or noisy segmentation. The same segmentation perturbation that is modest in
surface Dice can therefore be tolerable for an aggregate volume measurement and harmful
for a texture-driven prognostic model. The result also illustrates the value of the # ranking
introduced in that study: features with low 7 are more robust to contour perturbation and
are therefore more reliable for downstream prognostic modeling.

To show what the proposed protocol would change in practice, the evidence already
summarized in Table 9 can be re-read under it. Ranked by Dice alone, the weakly supervised
entries are close to their supervised references; ranked by a Regime-B endpoint, the same
entries separate sharply. Zhovannik et al. show that a contour perturbation within a clinically
relevant tolerance preserves prognostic stratification in only 28.5% of realizations for a
sensitive feature group, against 90% for a robust group; Leijenaar et al. show that the same
delineation variability affects GLSZM-based texture features far more than the most stable
features; and CardioRadNet shows that a point-guided mask with Dice 0.78 can still yield
ICC > 0.6 for 88% of ROI features and a downstream balanced accuracy of 0.85. Under the
protocol, the first two studies would be scored as high downstream risk and the third as
acceptable for its specific endpoint, a ranking that Dice alone does not produce. This is the
sense in which the review offers a benchmark rather than a catalog.

5.4. Uncertainty as Diagnostic Usability

The weakest link in the bridge is knowing when to trust it, and here weak supervision
meets the foundation models of Section 4. Bayesian Dropout [41], heteroscedastic uncer-
tainty [42], and medical-specific reviews [43] provide established approaches for estimating
uncertainty in segmentation models; these approaches can be applied to weakly supervised
or FM-prompted outputs [41-44]. This has two consequences for the survey. Uncertainty
can gate the human-in-the-loop: a weak mask with high boundary uncertainty on a lesion
is precisely the case to refer to an expert; models that expose this, such as the interactive FM
tools of Section 4.3 [46,49], turn the residual accuracy gap into a routed gap rather than a
silent error. Uncertainty should also be reported at the outcome level rather than only at the
Dice level. Recent methodological work [117-119] emphasizes that segmentation studies
disclose feature-level agreement versus manual delineation and consistency of downstream
task performance, because these, not Dice, reflect clinical impact. This is the reporting
standard the present survey recommends for every weak-supervision claim.

5.5. Critical Evaluation: Where the Bridge Breaks

The bridge is not free, and several failure modes are particularly important. Texture
and small-lesion failure remain important limitations. Regime B (Section 5.2) means weak
segmentation can degrade prognostic and texture-driven diagnoses; the Zhovannik result
[117] provides a quantitative warning. Image-level supervision provides limited spatial
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information. Image-level signals are primarily localization or classification cues rather
than dense segmentations [69]. They may support downstream tasks that do not require
precise spatial measurements, but they are insufficient on their own when reliable volume-
try, boundary-sensitive radiomics, or other spatially explicit measurements are required.
Foundation-model prompt variance is another limitation (Section 4.4). A box prompt de-
rived from ground truth is not a clinical prompt; under realistic, noisy prompts the FM
mask, and therefore the downstream decision built on it, degrades in ways current bench-
marks under-report. The recurring lesson is that segmentation error can propagate into
downstream error, so the value of weak supervision should be assessed through measurable
and auditable downstream effects rather than assumed to disappear.

5.6. Forward Look: Weak Segmentation to Diagnosis as a Benchmark

The field lacks a standard protocol that scores weak-supervision methods on down-
stream tasks rather than Dice. We propose it as the survey’s concrete forward agenda:
evaluate representative methods from Sections 2—4 on a Regime-A metric (volume or diam-
eter error vs. manual) and a Regime-B metric (feature-level ICC and downstream AUC or
C-index stability under perturbation, per [117,120]). Foundation models (Section 4) should
be scored the same way, so that prompt type, budget, and downstream tolerance become a
unified buying guide. Vision-language systems [123] suggest the longer arc: segmentation,
weak or strong, may dissolve into the diagnostic act itself, but the accountability question
of which region, which confidence, and which error survives the dissolution remains. The
proposed benchmark should also include feature-stability endpoints of the kind reported
by Leijenaar et al. [120], where the same delineation perturbation produces different ICC
values across feature classes, and downstream-stratification endpoints of the kind reported
by Zhovannik et al. [117], where the probability of a significant log-rank result changes
from 90% to 28.5% depending on the sensitivity of the selected features. Concretely, the
protocol requires each evaluated method to report the following: (i) the label type and
the number of annotated cases; (ii) the data split and whether evaluation is external (E1)
or single-dataset (E2); (iii) the prompt provenance for foundation-model methods; (iv) a
Regime-A endpoint (volume or diameter error against a manual reference); (v) a Regime-B
endpoint (feature-level ICC and downstream AUC or C-index stability under perturbation);
and (vi) an uncertainty estimate at the outcome level. This checklist is what makes the
protocol auditable rather than programmatic.

6. Challenges and Future Directions

Despite the rapid maturity of weakly supervised methods reviewed in Sections 2-5,
the field is not yet at the point where cheap labels can be chosen on purely technical merit.
Several gaps persist, each mapping back to an argument developed earlier.

6.1. Open Challenges

Benchmark fragmentation remains a major practical obstacle because the field lacks
a shared evaluation protocol. As Table 4 (Section 3.3) shows, scribble methods on ACDC
swing by several Dice points purely because of train, validation, and test partitions, and
dataset-specific splits [57,125-128 ] make cross-paper comparison unreliable. Annotation
economics (Section 2) cannot become a decision tool until cost and accuracy are reported
under one protocol.

The diagnosis gap remains unresolved. Section 5 drew the distinction between Regime
A (aggregate measures such as volume or ejection fraction, whose robustness to imprecise
masks still requires separate validation) and Regime B (texture and high-order features,
where weak masks measurably erode downstream signal [117]). Inter-observer variability
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has been shown to affect radiomic features [120], but this does not establish that aggregate
volume or ejection-fraction measurements are robust to weak or imprecise masks; that
remains an open question and is precisely why we proposed the weak-to-task benchmark in
Section 5.6. Present methods close the Dice gap far more convincingly than the diagnostic
gap; image-level supervision, in particular, remains primarily a localization cue rather than
a substitute for dense segmentation when spatially precise measurements are required [69].

Foundation models relocate rather than remove supervision. The analysis of Section 4,
that promptable FMs shift rather than eliminate human supervision, carries a concrete
cost: prompt quality and the upstream 1.57 M-pair and 19.7 M-mask supervision behind
medical FMs [46,47], together with the approximately 143 K-mask SA-Med3D-140K corpus
(131 K training masks) [48], are rarely accounted for in the cheap-label framing, and 3D
prompt consistency is still open. The economic lens must therefore be extended to prompt
cost, not just offline annotation. Trust and deployment remain central concerns. Clinical
use requires calibrated, per-voxel uncertainty [41-44] reported at the outcome level, and
most weak-supervision work still reports only Dice. Where data are scarce and privacy-
sensitive, federated weak supervision [129-131] remains nascent and introduces additional
integration challenges for promptable FMs.

Efficiency and multisensor deployment also require explicit consideration. As
weak and foundation models move toward clinical deployment, computational cost be-
comes a first-class constraint, especially in multisensor and multimodal settings. The
survey of Shu et al. [132] organizes efficient medical image segmentation into four
streams—Mamba/state-space models, efficient foundation-model adaptation, lightweight
architectures, and data-efficient learning—and provides a granular accuracy-versus-cost
comparison across benchmarks. Representative efficient backbones, including EVSSD [133],
HCMNet [134], LightSegMamba [135], MSTransBTS [136], DA-TransResUNet [137], and
DPF-Net [138], are fully supervised inference-efficiency works rather than annotation-
economics studies. They are cited here only because they reduce the training and inference
terms of Equation (1), and therefore the total cost at which a given weak-label strategy
can be deployed; they do not lower the cost of human annotation and should not be read
as direct evidence of better annotation economics. For interpretability, MSIM [122] adds
a multi-scale interpretability module to PET-CT tumor segmentation, improving Dice by
1.6-2.4 points while exposing the features driving each prediction. MFPNet [139] is likewise
a fully supervised skin-lesion segmentation method and is cited here only as a supervised
comparison, not as image-level weak-supervision evidence.

6.2. Future Directions

A unified weak-to-task benchmark would adopt the protocol proposed in Section 5.6:
score representative methods on Regime-A volume error and Regime-B feature ICC and
downstream stability [117,120], with FMs scored identically. This turns the annotation-
economics buying guide built across Sections 2—4 into an operational standard. The checklist
in Section 5.6 and the retrospective re-ranking in Section 5.3 together make this proposal
concrete: a study can be scored against the six reporting items without new experiments,
and the resulting ranking can be compared across label types and across foundation-model
prompting strategies.

Human-in-the-loop and FM fusion provide a natural next step. ScribblePrompt-style
interactive prompting [49] shows that a low-burden supervision unit can increasingly be
an inference-time prompt; the productive research line is tight loops where an FM proposes
and a clinician corrects, minimizing total expert time rather than offline masks. Gaze-plus-
VLM frameworks [58] and auto-prompting modules such as ABP-SAM [110] are early
examples of how human attention and machine semantics can be combined to reduce the
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prompt burden. Federated weak supervision could combine the label-scarcity relief of weak
labels with privacy-preserving training [129-131], especially for the long-tail anatomies
and rare pathologies.

Active and similarity-aware annotation selection can further reduce the annotation
budget. When even weak labels are costly, active learning can reduce the annotation budget
further. Shu et al. [140] propose an image-similarity-based active learning framework for
skin-lesion segmentation that selects the most representative images for expert annotation,
maintaining segmentation accuracy even when the training set is reduced to 12.5% of the
original. This is complementary to weak supervision: the former decides which images to
label, the latter decides how cheaply to label them. Trustworthy reporting should make
per-voxel uncertainty and outcome-level error a mandatory reporting axis, so that a resid-
ual accuracy gap is expressed as a routable diagnostic risk [41-44] rather than a silent
accuracy loss.

Efficient and interpretable weak pipelines should combine the efficiency gains of
Mamba/state-space and lightweight architectures [132-135] with the interpretability re-
quirements of clinical diagnosis [122], so that weak-label pipelines are cheap to annotate,
cheap to run, and easy to audit.

7. Conclusions

This review examined weakly and coarsely labeled medical image segmentation
through an annotation-economics lens, emphasizing annotation time, expertise, scalability,
variability, and task-specific performance rather than treating heterogeneous studies as a
single numerical frontier. The cited evidence indicates that box and scribble supervision
can provide useful cost-performance trade-offs in several settings, but the magnitude of the
benefit depends on anatomy, modality, protocol, and evaluation metric. In particular, the
reported gaps are sensitive to benchmark split, so a favorable trade-off observed in one study
should be re-validated for each new anatomy, modality, and evaluation protocol rather
than assumed to transfer. Foundation models further shift the problem toward prompt-
based interaction: they can reduce repeated annotation effort, while still relying on human
prompts and substantial upstream medical supervision. Finally, the downstream analysis
shows that segmentation quality and diagnostic utility are not interchangeable. Aggregate
measurements may be relatively tolerant of moderate boundary error, whereas radiomic,
texture-sensitive, and small-lesion applications require stronger validation and uncertainty
assessment. The resulting framework therefore treats weak supervision as a task-specific
allocation problem: the appropriate label is the one whose human and computational cost
is compatible with the required downstream error tolerance. Because the same weak-label
type can occupy different positions on the economic spectrum depending on anatomy and
modality, this allocation should be re-evaluated for each new task rather than fixed once for
a label type.
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