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Abstract

Background: With limited voxel-level annotations, a single Mean Teacher
may not address both foreground omission and boundary expansion in
candidate-centred segmentation of small pulmonary nodules. We evaluated
a development-locked, failure-mode-guided heterogeneous ensemble for semi-
supervised segmentation of 3—<6 mm nodules.

Methods: Candidate-centred 48 X 48 X 48 CT patches were analysed with 35
of 350 training CT scans (10%) providing voxel annotations. An enhanced Mean
Teacher and three complementary recall- or precision-oriented models were trained
independently. Probability weights and the binarisation threshold were fitted only
in the development selection set. The locked ensemble was tested across three
training seeds in an internal held-out set (51 CT scans, 62 nodules) and external
LNDbD (176 CT scans, 436 nodules), without LNDDb fine-tuning or recalibration.
Paired effects were evaluated using CT-cluster bootstrap confidence intervals and
two-sided Monte Carlo CT-cluster sign-flip randomisation tests. Homogeneous
four-model ensembles were secondary model-count-matched attribution analyses;
the equal-weight analysis was exploratory.

Results: Relative to the single enhanced Mean Teacher, the heterogeneous
ensemble improved Dice by 0.01488 internally (95% CI, 0.00665-0.02347; Holm-
adjusted P = 0.00110) and 0.01118 externally (95% CI, 0.00314-0.01892;
Holm-adjusted P = 0.00673). Dice improved in 77.4% and 71.3% of internal
and external nodules, respectively, and all three evaluated seeds showed positive



effects in both test sets. The operating balance shifted towards recall. Attribution
analyses did not establish a cross-cohort-stable advantage over homogeneous
four-model ensembles.

Conclusions: Relative to a single enhanced Mean Teacher, the development-
locked heterogeneous ensemble yielded estimated mean Dice gains of 0.01488
internally and 0.01118 externally, with both confidence intervals excluding zero and
concordant effect directions across the three evaluated seeds. These results support
a modest ensemble benefit under the present protocol, but do not establish that
the population-level Dice improvement exceeds 0.01 or that heterogeneous training
objectives provide an independent benefit beyond general deep-ensemble effects.
Prospectively locked homogeneous controls and evaluation in new independent
cohorts are required.

Keywords: pulmonary nodule, computed tomography, semi-supervised learning,
medical image segmentation, Mean Teacher, deep ensemble, external testing
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1 Background

Three-dimensional segmentation of pulmonary nodules provides quantitative measure-
ments of volume, equivalent diameter, morphology, and longitudinal change, all of which
are closely related to nodule risk assessment and clinical management [1-5]. Archi-
tectures based on U-Net, three-dimensional convolution, and residual learning have
advanced automated nodule segmentation [6—11]. However, high-quality voxel-level
annotations still depend on experienced readers, and slice-by-slice delineation of three-
dimensional nodules is particularly labour-intensive. Semi-supervised learning addresses
this limitation by combining limited annotated data with unannotated images. Founda-
tional reviews and the Mean Teacher framework established the basis of teacher—student
learning [12, 13]. Subsequent studies have investigated uncertainty-aware and dual-task
consistency [14, 15], shape constraints and multi-view or pyramid consistency [16-19],
and triple uncertainty, contrastive representation learning, ambiguity-aware selection,
and cross-pseudo supervision [20-23]. In CT lesion and pulmonary nodule applications,
uncertainty pairing, knowledge distillation, and coarse-grained annotations have also
been explored [24, 25]. Because these studies differ in datasets, annotation budgets,
and evaluation protocols, they provide task-relevant evidence but are not used for
direct Dice-based ranking against the present study.

Small nodules, however, are not simply scaled-down versions of larger nodules. Their
foreground regions contain few voxels, such that the addition or removal of a small
number of boundary voxels can substantially alter Dice. The foreground proportion
is further reduced when a nodule is represented within a fixed-size candidate patch.
Although a fixed positive pseudo-label threshold may improve pseudo-label precision,
it may systematically remove low-probability but spatially contiguous regions of true
foreground, thereby increasing foreground omission in small nodules. Meanwhile, multi-
reader annotations in LIDC-IDRI demonstrate that both nodule identification and



boundary delineation can involve legitimate inter-reader disagreement [26-32]. Treating
model uncertainty and annotation ambiguity uniformly as noise may therefore discard
supervision from learnable regions while imposing excessive consistency constraints in
regions of reasonable disagreement.

Motivated by these considerations, we initially developed a size-aware threshold
and dual-uncertainty control strategy. The positive acceptance threshold was reduced
for candidates with small teacher-predicted foreground extents, while Monte Carlo
dropout variability and a multi-reader ambiguity proxy represented distinct sources of
uncertainty. Although the design had a clear mechanistic rationale, formal development
experiments provided an important counterexample: improved local pseudo-label recall
did not translate into higher final Dice for small nodules. Nodule-level error auditing
further showed that small-nodule errors were not limited to foreground omission.
Lowering the threshold recovered some missing foreground but also increased boundary
false positives, whereas uniform gating could suppress both forms of correction. The
research question therefore shifted from identifying a single improved threshold to
preserving complementary recall- and precision-oriented solutions within one framework
and locking their combination using a CT-disjoint development set.

In response, we constructed recall- and precision-oriented expert corrections. The
recall-oriented branch assigned greater Tversky weight to false negatives to reduce
foreground omission, whereas the precision-oriented branch assigned greater weight to
false positives to suppress boundary expansion. A voxel-wise gating network selected
between the two corrections at a local scale, while balancing and baseline-anchoring
constraints were used to prevent gating collapse and excessive deviation from the
baseline prediction. Rather than selecting a winner using test data, probability weights
and the binarisation threshold for the four-model ensemble were fitted only on the
development selection set and frozen before internal and external testing.

Independently trained deep models can exploit predictive diversity arising from
different initialisations and optimisation trajectories, providing a general basis for
probability averaging and improved stability [33]. Guided by the failure audit, the final
heterogeneous ensemble comprised one enhanced Mean Teacher and three indepen-
dently trained complementary models with directional error objectives. The primary
question was whether, with voxel-level annotations available for 10% of CT scans,
the development-locked ensemble could produce a positive Dice gain over a single
enhanced Mean Teacher in both an internal CT-level held-out test set and external
LNDDbD testing without fine-tuning. An estimated mean Dice gain of at least 0.01 was
used as a descriptive development target rather than as a formally tested superiority
margin. Concordant effect directions across the three evaluated training seeds were
assessed as a descriptive stability criterion. Model-count-matched homogeneous Mean
Teacher ensembles were retained as secondary attribution analyses to assess whether
the observed benefit could be explained by generic deep-ensemble effects; superiority
over these controls was not the primary endpoint.

This study was restricted to candidate-centred three-dimensional segmentation of
pulmonary nodules measuring 3-<6 mm, with voxel-level annotations available for 10%
of CT scans. The primary conclusions were based on paired comparisons of the same
nodules under the same data protocol. Training computation was not fully matched



across methods. Candidate-centred segmentation was not presented as a whole-CT
nodule detection system, and results from previous studies using different datasets or
evaluation protocols were not treated as directly comparable performance rankings.

2 Methods

2.1 Study design and data separation
2.1.1 Study design, data sources, and data separation

This retrospective computational study used de-identified, publicly available data. The
internal data were obtained from low-dose chest CT scans in LUNA16 [34]. Nodule
contours were reconstructed from the corresponding multi-reader LIDC-IDRI XML
annotations [26, 27], and the original CT images were distributed through The Cancer
Imaging Archive [35]. The development training set with available voxel-level contours
comprised 350 CT scans and 607 nodules. The development selection set comprised 87
CT scans and 145 nodules, including 69 nodules measuring 3-<6 mm from 47 CT scans.
The denominator for the 10% CT-level voxel-annotation budget was restricted to the
350 development training CT scans. Using label-selection seed 0, we fixed a labelled
subset of 35 CT scans containing 57 candidate nodules. The unlabelled candidate
cache was generated from the 709 CT scans in the original LUNA16 training partition.
After excluding the 87 development selection CT scans and the 35 labelled CT scans,
the strictly unlabelled pool contained 16,234 candidate patches from 587 CT scans.
Of these, 315 were development training CT scans for which the available voxel-level
contours were deliberately not used, whereas 272 belonged to the original training
partition but were not included in either the contour-based development training set or
the development selection set. Consequently, 35 labelled and 587 strictly unlabelled CT
scans, totalling 622 mutually exclusive CT scans, contributed to parameter updates.
The additional 87 CT scans were used only for development selection, accounting for all
709 CT scans in the original training partition. A code-level audit confirmed that the
seriesuid values of the labelled subset, strictly unlabelled pool, development selection
set, and internal test set were mutually exclusive as specified. The internal CT-level
held-out test set contained 62 nodules measuring 3—<6 mm from 51 CT scans and
was not used for training, checkpoint selection, ensemble-weight fitting, or threshold
selection. Publicly derived manifests contained only the LUNA16 SeriesInstanceUID
or LNDb CT identifier and did not include patient identifiers that could link multiple
scans from the same individual. We therefore could not determine whether a participant
contributed more than one CT scan. The CT scan was the highest verifiable clustering
unit, and data separation, bootstrap resampling, and sign-flip randomisation were
performed using CT identifiers. No patient-level analysis is claimed.

Candidate centres were specified using the world coordinates (x, y, z) from the public
candidate lists without first rounding them to voxel indices. SimpleITK constructed a
48 x 48 x 48 reference grid with 1.0-mm isotropic spacing centred on each physical
coordinate. CT intensities were resampled using linear interpolation, with regions
outside the original image filled with —1000 HU; contour masks were resampled using
nearest-neighbour interpolation. Arrays were stored in NumPy (z, y, x) axis order.



Table 1 Data flow, analytical purpose, and separation of study subsets

Cohort/
subset Source Size Purpose Separation rule
Label-budget LUNA16 350 CT; 607 Define the 35-CT Excluded from selec-
set trian nodules labelled subset tion and internal
testing; 315 CTs
entered the unla-
belled pool
Labelled sub- Development 35 CTs; 57 Supervised loss Fixed using label-
set training nodules selection seed 0
Unlabelled LUNA16 can- 587 CTs; Consistency train- 315 development-
pool didate cache 16,234 ing training CTs plus
patches 272 other training
CTs; all labelled,
selection, and test
CTs excluded
Development LUNAI16 87 CT; 145 Select checkpoints, No parameter
selection train nodules ensemble weights, updates
and threshold
Internal held- LUNAI16 test 51 CT; 62 Locked internal eval- No development or
out test small nod- wuation selection use
ules
External LNDb 176 CT; 436 Locked external No fine-tuning or
LNDb small nod- evaluation recalibration
ules

Intensities were clipped to [—1000, 400] HU and linearly normalised to [0, 1] using (HU
+ 1000)/1400. Internal nodule diameters were obtained from the LUNA16 annotation
metadata. For LNDb, equivalent spherical diameter was calculated from official nodule
volume V as d = (6V/7)'/3. The internal consensus mask included voxels endorsed in
at least two of four available reader sessions, whereas external testing used the official
LNDb masks. The evaluated task was therefore candidate-centred segmentation of
nodules measuring 3—<6 mm and did not include candidate detection or whole-CT
inference. The unlabelled cache was generated from world-coordinate candidates in
LUNA16 candidates_V2.csv. Before reading the candidate-class field, a SHA-256 sorting
key was constructed from seriesuid, the three-dimensional coordinates, and fixed seed
42. This deterministic ordering retained up to 20,000 candidates from the 709 training
CT scans. No additional filtering used candidate class, voxel-level contour availability,
or nodule diameter, and coordinates were not separately deduplicated. After excluding
the development selection and labelled CT scans, candidates per CT ranged from 2 to
68 (median, 26; interquartile range, 19-35). Candidate patches near image boundaries
followed the same extraction procedure, with regions outside the image filled with
—1000 HU.

Model development followed a unidirectional information flow. Development training
data updated network parameters; the development selection set determined candidate
methods and checkpoints and was used to fit ensemble probability weights and the
binarisation threshold; and the internal CT-level held-out and external LNDD test sets
were used only for final evaluation after locking. Neither test set contributed to model
selection, post-processing selection, threshold selection, or stopping-epoch selection.
Study subsets, analytical purposes, and separation rules are summarised in Table 1.



Small nodules were defined as having an equivalent diameter of 3-<6 mm. The CT
scan was the independent clustering unit.

External testing used publicly available multi-reader LNDb annotations [36]. Can-
didate patches were extracted at the officially provided nodule centres for 436 nodules
measuring 3—<6 mm from 176 CT scans. No LNDb data were used for fine-tuning,
threshold recalibration, post-processing selection, or model selection. Both internal
and external tests used the models, probability weights, and binarisation threshold
frozen during development.

2.1.2 Multi-reader consensus and ambiguity supervision

For nodule i, let M; denote the total number of reading sessions for its CT scan, and
let 7;;(v) € {0, 1}

denote the foreground vote of reading session j at voxel v. If an actual reading
session did not provide a contour matched to the target nodule, that session was
represented by a zero mask throughout the candidate patch rather than being removed
from the denominator. The voxel-wise foreground proportion was defined as

mi(v) = 37 250 i (v).

Each included internal CT scan was required to have exactly four reading sessions;
therefore, M; = 4 for all internal samples. Stratification by three or four matched
contours referred only to the number of sessions that provided a contour matched
to the target nodule. The foreground-proportion denominator remained four in both
groups. The consensus segmentation target used a threshold of at least two votes:

M;
yi(v) =1 Zrij(v) >2
j=1

Ambiguity supervision a;(v) was defined using normalised Bernoulli entropy. The
implementation used natural logarithms and divided by In(2), which is equivalent to
Bernoulli entropy calculated using base-2 logarithms. Its complete piecewise definition
was

~mi(v)Inm(v) + [1 — m(v)] In[l — 7Ti(’l))]’ 0< mv) <1,
a;(v) = In2
0, 7TZ‘(U) S {07 1}.

When 7;(v) was 0 or 1, a;(v) was set directly to 0 to avoid evaluating In(0). Thus,
a;(v) € {0, 1}, where 0 indicates complete agreement among the four reading sessions
and 1 corresponds to two foreground and two background votes. Nodules with three
matched contours still used four actual reading sessions in the denominator, with the
unmatched session contributing a zero vote; the number of matched contours did not
replace M;. This normalisation placed ambiguity supervision for all nodules on the
same numerical scale and gave a consistent interpretation to the predicted ambiguity
probability(a(v) = o(z,(v))) and its gating threshold of 0.50.




2.2 Model development and training

2.2.1 Network architecture and supervised objectives

The overall architecture of the heterogeneous model ensemble is shown in Fig. 1.
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Fig. 1 Heterogeneous model ensemble framework. (a) Four component models used the same three-
dimensional residual U-Net backbone and were trained independently. (b) Complementary experts
combined the ambiguity logit Z, with decoder features to generate voxel-wise gates, while recall- and
precision-oriented residuals corrected the prediction in opposite directions. (c) Probabilities from the
enhanced Mean Teacher, E1, E2, and E3 were combined using development-locked weights and a
development-locked threshold.

The backbone was a three-dimensional residual U-Net. Encoder channel widths were
16, 32, 64, and 128. Each residual block contained two 3 x 3 x 3 convolutions, affine
InstanceNorm3d, and LeakyReLU with a negative slope of 0.01; a1 x 1 x 1 projection
shortcut was used when the channel width or stride changed. Downsampling was
performed by a stride-2 convolution in the first layer of each residual block. The decoder
first used 2 x 2 x 2 transposed convolution for upsampling, concatenated the result
with the corresponding encoder features, and passed the concatenated features through
a residual block. The bottleneck used Dropout3d (p = 0.2). The main segmentation
and ambiguity heads operated on the full-resolution D1 features (16 channels; 483). A
deep-supervision head operated on D2 features (32 channels; 24%) through a 1 x 1 x 1
convolution followed by two-fold trilinear upsampling. All output heads produced logits.

To distinguish logits from probabilities, o(-) denotes the sigmoid func-
tion. Binary cross-entropy in the implementation was computed using
binary_cross_entropy_with logits. For a voxel-wise logit z and soft target
te{0,1},
—tlno(z) —

(BCELogit (2, 1) = (1—t)In[l —o(2)].



For voxel domain 2, the mean loss was denoted by

LBCELoglt z, t |Q| ZEBCELoglt ) t( )}
vEQN

The soft Dice loss first applied the sigmoid function to the logits and used the
implementation smoothing constant of 1:

2> e olz()ly(v) +1
> ovea 0l2(0)] + 2, cqy(v) +1

These losses were calculated per sample and then averaged across the minibatch. The
main and auxiliary segmentation outputs used the same equally weighted combination:

LDice(Zuy) =1-

Lseg(z, y) = 0-5LBCELogit (27 y) + O-5LDice(Z, y)

The deep-supervision term had weight 0.3 in the total supervised loss. The ambiguity
branch used binary cross-entropy with logits and had weight 0.2.

The implementation retained a candidate-presence output head. However, all
labelled candidate-centred patches in the final configuration were positive candidates,
and the loss weight for this head was 0. It was therefore neither an optimisation
objective nor a result-bearing contribution, and no candidate-presence classification
conclusion is supported by this output.

2.2.2 Student—teacher semi-supervised learning

Student parameters are denoted by 65 and teacher parameters by 6;. The teacher
had the same architecture as the student but did not receive gradients. After each
optimisation step, teacher parameters were updated by exponential moving average:

9t — O[&t -+ (]. — a)@s,
where a = 0.99. For a labelled patch (x;, y;, a;), let z, zque, and z, denote the
main segmentation, auxiliary segmentation, and ambiguity logits, respectively. The
supervised objective was

Lsup = Lseg (Z7 y) + 0.30 Lseg(zauam y) +0.20 LBCELogit(Za; CL)

Here, L4 is the Dice-binary-cross-entropy combined segmentation loss defined
above, with equal weights for logit binary cross-entropy and soft Dice loss. L4 is used
consistently throughout the manuscript. The variable a denotes normalised Bernoulli-
entropy ambiguity supervision, and Lpcgrogit denotes mean binary cross-entropy
applied directly to logits. The ambiguity probability was defined as a(v) = o(z,(v)); @
is a probability, whereas z, always denotes the pre-sigmoid logit.

For an unlabelled patch, the teacher generated foreground probabilities pgk) (v)
during four stochastic forward passes with dropout. To avoid ambiguity in overbar
notation across word-processing software, the mean teacher foreground probability is
denoted by p(v):



IR
pe(v) =2 > pp (v).
k=1

Model uncertainty was estimated using Monte Carlo dropout [37-39]. Segmentation-
probability variance was calculated across the four stochastic forward passes. The

ambiguity-branch logit from pass k was denoted by z((lkg, and its mean probability

was defined separately as ¢;(v) = K~ ", O'(Zékt) (v)). The quantity ¢; was used only
for ambiguity-based acceptance or downweighting during the exploratory stage. By
contrast, expert gating used the single-forward-pass probability @ = o(z,); the two
quantities were not interchanged.

L~ o 2
k
u(®) = = > [P ) = )] -
k=1

Here, K = 4, and u(v) is referred to as model predictive uncertainty.

The same augmented unlabelled patch was provided to the student and teacher. No
additional weak—strong augmentation views or spatial alignment procedure was used.
Teacher signals were used only to construct acceptance masks, continuous weights, and
soft supervision targets; student predictions did not contribute to these audit quantities.

2.2.3 Exploratory size-aware threshold

The first stage tested the original mechanistic hypothesis. Because true nodule size
was unavailable for unlabelled patches, foreground extent was approximated solely
from the teacher prediction. This quantity represented the foreground extent currently
predicted by the teacher; it was not equivalent to true diameter and did not use manual
annotations. The following equations define its calculation:

F(x) = Z max{2 [u:(v) — 0.5],0} .
veEN
When the teacher-predicted foreground extent was small, the positive threshold
was smoothly reduced from the base threshold 79 = 0.90 according to

7(x) = 70 — 0.15exp[—F'(z)/128] .

This function constrained the positive acceptance threshold to 0.75-0.90. Smaller
teacher-predicted extents produced thresholds closer to 0.75, retaining more potential
small-nodule foreground, whereas larger extents returned the threshold towards 0.90.
The extent proxy controlled only which voxels entered the soft consistency loss. It was
not treated as true size, and the binarised probability was not used as a hard training
target. The negative threshold remained 0.10.

2.2.4 Dual-uncertainty gating, weighting, and consistency loss

The mean probability from repeated forward passes through the teacher ambiguity
branch was q:(v) = K=", a(zgkt) (v)). During the exploratory stage, the size-aware



threshold, predictive variance u(v), and ¢;(v) were three parallel teacher-side control
signals. The ambiguity acceptance condition was ¢;(v) < 0.50; no additional sigmoid
transformation was applied to ¢;:

m(v) = {[u(v) > 7(z) V pe(v) <0.10] Au(v) < 0.02 A g(v) < 0.50}.

Confidence, model predictive uncertainty, and the ambiguity proxy were then
combined to form a continuous weight:

w(v) = m(w) WL HOOLZ05 0,00 11 - 0],

The three factors represented teacher confidence, predictive stability, and annotation-
ambiguity proxy, respectively. Voxel weights decreased as confidence declined, dropout
variance increased, or the ambiguity proxy increased. The aim was to attenuate
unreliable consistency continuously rather than discard all difficult boundary voxels.
Subsequent failure auditing nevertheless showed that when foreground omission and
boundary expansion coexisted, this unidirectional downweighting could not provide
corrections in opposing directions.

> ven W(0)BCELogit [25 (v), sg(p (v))]
Y veaw(v) +e
The total loss was L = Lgy,+ Ay (t) Ly,. The implementation used a sigmoid ramp-up
rather than a linear schedule:

L, =

Aalt) = exp{—s [1 — min(t/10, 1)]2} .

The schedule gradually strengthened the unlabelled-data constraint and reached
weight 1 after epoch 10. Here, t denotes the training epoch and A, (¢) the consistency-
loss weight. The student was updated by backpropagation, whereas the teacher was
updated only through the exponential moving average. This initial framework was
retained for problem localisation and mechanistic auditing rather than presented as
the final superior method.

2.2.5 Complementary experts and locked probability ensemble

Let 2y denote the baseline segmentation logit, and let the recall- and precision-oriented

residuals be rgr = rpaxo(hr) and r7p = rmaxo(hp), respectively. The corrected logits

were zgr = 29 + rr and zp = zg — rp. The ambiguity probability from a single forward

pass was a@ = 0(2,). The gate was generated by concatenating the final decoder feature

D1 with a: g = o(hy[D1,al); no repeated normalisation o(a) was applied. The fused

logit was z = gzr + (1 — g)zp. E1 and E2 used ryax = 2.0, whereas E3 used 7. = 0.5.
For a sample,

p=o0(2), Y€ {071}7

10



TP=> p)y(), FP=Y p[l-y@), FN=> [1-p)]y).

The implementation used Tversky loss with a smoothing constant of 1 [40]:

TP +1
Lr(z,y;0,8) =1~ TP+aFP+BFN+1

The parameter o weights false positives (FP), and 8 weights false negatives
(FN). The recall-oriented expert used (agr, Sr) = (0.30, 0.70), and the precision-
oriented expert used (ap, Bp) = (0.70, 0.30); their losses are denoted by Lg and Lp,
respectively.

Gate supervision was calculated only at supported voxels within the consensus
boundary band B = dilate(y, 2) \ erode(y, 2), where dilate and erode denote three-
dimensional morphological dilation and erosion with a radius of two voxels, and \
denotes set difference. Let ¢(v) denote the number of reader foreground votes. The
disputed-background set D = {v € B : y = 0, ¢ = 1} had a soft gate target of 0.5,
whereas the definite-outer set O = {v € B : y =0, ¢ = 0} had target 0. For E1, the
positive-support set was W = {v : y = 1, ¢ = 2}, with target 1. E2 and E3 replaced
W with the complete foreground within the boundary band, P = {v € B:y = 1}.

Let S*, D, and O denote the positive-support, disputed-background, and definite-
outer sets, and let {gcg denote voxel-wise binary cross-entropy with logits. The E1
gate loss was

Z EBCE(hg(U)v tg(v))
ve(STUDUO)
max(|STUDUO|,1)

L, = mean,

E2 and E3 did not add a separate gate-balancing regulariser. Instead, the three
classes were balanced according to the minibatch aggregation implemented in code.
For C € {ST, D, O}, let C; be the voxels of class C in sample i, Ic = {i : |C;| >
0}, and St ={C :|I¢| > 0}. If C; was empty, sample i did not contribute to the gate
loss for class C. If a class was absent from the entire minibatch, it was also excluded
from the class average.

1 1
(o = Tl Z il Z lpog(hg(v),t4(v))
Clicte " ved;

The off-boundary agreement constraint between experts was
> [pri(v) = ppa(v))?
1 &

i Z veQ;\B;
NL max(\Ql\Bz|,1)

i=1
For E3, the baseline-prediction anchoring term was Lanchor = Lseg (20, y). During
backpropagation of Lr and Lp, the implementation respectively used

Log =

11



stopgrad(zo) + (zr — 20) and stopgrad(zo) + (zp — 20).

These expressions were numerically unchanged, but the expert losses did not update
the baseline head through zg; the anchoring term directly constrained the baseline
prediction.

Let Leore(2) = Lseg(2,y) + 0.30 Lseg(2quz, y) + 0.20 LecELogit(Za;a), and let
L, denote the unlabelled consistency term. The complete losses for the three
complementary models were

Lo — Leore + Au(t) Lu + 0.05 (Lg + Lp) + 0.05 Ly + 0.01 Lqy,
Lgs = Leore + )\u(t) L, +0.05 (LR + Lp) + 0.05 Lg,bal + 0.01 Lag»
Lgs = Leore + Au(t) Ly +0.05(Lr + Lp) +0.05 Ly par + 0.01 Ly + 0.50 Lanchor-

The coefficient 0.05(Lr+ Lp) arose from 0.10 x 0.5(Lr+Lp) in the implementation.
Apart from the stated differences, E1-E3 used identical data, semi-supervised terms, and
optimisation settings. Other candidate losses, including size-aware Tversky, boundary-
shell, excess-volume, and distance supervision, were disabled in the final configurations.

The enhanced Mean Teacher was defined as a Mean Teacher with the dual-expert
branch disabled but with deep supervision and the ambiguity auxiliary head retained:
Lenhmt = Leore + Au(t) Ly The teacher was an exponential moving average of the
student parameters with decay 0.99. It performed four Monte Carlo dropout passes
on the same augmented unlabelled patch, and the segmentation probabilities were
averaged to obtain u;. The enhanced Mean Teacher did not use predictive variance
or ambiguity probability for exclusion and did not lower the acceptance threshold. It
accepted only voxels for which g, > 0.90 or p; < 0.10, used (w(v) = 2|p(v) —0.5]) as
a continuous confidence weight, and used the teacher soft probability as the binary-
cross-entropy target. The consistency weight A, followed a sigmoid ramp-up to 1 over
the first 10 epochs.

The enhanced Mean Teacher, E1, E2, and E3 were trained independently from
random initialisation; the experts were not obtained by fine-tuning the enhanced Mean
Teacher. Optimisation used AdamW with an initial learning rate of 1 x 10~2 and
weight decay of 1 x 107*. ReduceLROnPlateau was scheduled using teacher Dice for
3-<6 mm nodules in the development selection set (factor, 0.5; patience, 4). Training
used at most 80 epochs, early-stopping patience of 15, batch size 2, and 300 updates
per epoch. Each spatial axis was flipped with probability 0.5, and Gaussian noise with
standard deviation 0.01 was added with probability 0.3. The actual epoch counts for
seeds 0/1/2 were 23/32/36 for the enhanced Mean Teacher, 27/31/27 for E1, 30/27/29
for E2, and 22/27/29 for E3. The corresponding best-teacher checkpoints occurred at
epochs 8/17/21, 12/16/12, 15/12/14, and 7/12/14. Checkpoints were selected only by
development-selection Dice for 3-<6 mm nodules. Training was recorded using Python
3.12.10, PyTorch 2.12.0+cul30, CUDA 13.0, and an NVIDIA GeForce RTX 4060 Laptop
GPU (8,188 MiB; driver 595.79). Statistical analysis and plotting used Python 3.12.10,
NumPy 2.5.0, pandas 3.0.5, SciPy 1.18.0, and Matplotlib 3.11.1. Within outer run s €
{0, 1, 2}, the enhanced Mean Teacher, E1, E2; and E3 were run in separate training
processes using the same numerical seed s. Model initialisation, RandomSampler, and
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augmentation generators were reset to s in each process. This paired design controlled
the random stream so that member differences primarily reflected the loss and gating
objectives rather than additional seed offsets.

2.2.6 Training implementation and semi-supervised sampling

One epoch was defined by 300 batches from the unlabelled DataLoader. Each optimiser
update paired one unlabelled batch with one labelled batch; both had nominal batch
size 2. At the candidate-patch level, the strictly unlabelled pool used RandomSampler
with replacement to draw 600 patches per epoch. Candidate-class weighting, foreground
mining, and CT balancing were disabled. The 57 labelled candidate patches were
shuffled without weighting, iterated without replacement, reshuffled after exhaustion,
and cycled as required. Incomplete final batches were retained, resulting in 590 labelled
patch presentations per epoch. Candidate patches from multi-nodule CT scans were
treated as separate training samples, without CT-equalised sampling. DataLoader
used num_workers = 0. The unlabelled sampler and Datal.oader generators used the
corresponding training seed, whereas selection of the 35 labelled CT scans remained
fixed by label-selection seed 0 for all three training seeds. The enhanced Mean Teacher,
E1l, E2, E3, and standard Mean Teacher controls used the same sampling protocol.

The heterogeneous probability ensemble on the development selection set was
defined as p* = >, wipr, where p; denotes the probabilities from the enhanced Mean
Teacher, E1, E2, and E3, respectively, with wi, > 0 and ), wy = 1. The locked weights
were 0.226690, 0.308426, 0.430849, and 0.034035, respectively, and the binarisation
threshold was 7% = 0.567185. Thus, the ensemble was a probability-level weighted
average of four independently trained models. The balanced-gating E2 received the
largest weight, while the enhanced Mean Teacher provided a stable anchor.

Fitting used only the N = 69 nodules measuring 3-<6 mm in the develop-
ment selection set and predictions from the four seed-0 members. Each member
was loaded from its best teacher checkpoint. A checkpoint replaced the previous
best only when development-selection Dice increased strictly; ties therefore retained
the earlier epoch. Weights were parameterised by a softmax to form a non-negative
continuous simplex and were initialised equally; the threshold was initialised at
0.55. Let s;(v) = sigmoid(40[p;(v) — 7]). The continuous fitting objective was

Lg = —N~1>°, Zigzzvs)i%i;vzj)lfls‘ﬁ Adam (learning rate 0.03; 500 steps; fitting
seed 0) jointly updated the weight logits and 7, with 7 constrained to [0.30, 0.80]. After
continuous optimisation gave 7yog = 0.583185, the weights were fixed and hard Dice was
scanned at increments of 0.001 over [max(0.30, Tsoft — 0.15), min(0.80, Tsost + 0.15)) =
[0.433185,0.733185). Candidate thresholds were evaluated in ascending order, and the
threshold was updated only when Dice increased strictly; ties therefore selected the
lower threshold. The resulting weights and 7* were frozen before inspection of internal
held-out or LNDb results and were applied unchanged to the seed-0, seed-1, and seed-2
member sets obtained using the same checkpoint rule.

The primary reported endpoint was Dice for 3—<6 mm nodules. Secondary metrics
were intersection over union, precision, recall, average surface distance, 95th-percentile
Hausdorff distance, and absolute relative volume error [41]. Effect size, 95% confidence
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interval, two-sided Monte Carlo randomisation P value, nodule and CT counts, propor-
tion of improved nodules, median paired difference, and seed-specific directions were
reported together. A Dice difference of at least 0.01, confidence-interval lower bound
above 0, adjusted P < 0.05, improvement in more than 55% of nodules, positive median
difference, and concordant seed directions were used only as a completeness audit and
were not claimed as prospectively registered criteria. No a priori power calculation was
performed; all nodules meeting the frozen 3—<6 mm criterion were included.

All method comparisons were paired within the same nodule. For nodule j in CT
scan ¢ and training seed s, the paired difference d.;s was first calculated and then
averaged across the three seeds within each nodule, d.; = %Zg dc;s. The reported

overall effect was the nodule-weighted mean A = % Each CT-cluster bootstrap
replicate sampled the same number of CT scans as thecoriginal test set with replacement
and carried all nodules from each sampled CT; 95% confidence intervals were the
2.5th and 97.5th percentiles of 10,000 replicates [42]. The null hypothesis for the two-
sided Monte Carlo CT-cluster sign-flip test was that the joint distribution of paired
differences within CT clusters was symmetric about zero. Under this null, all d.; values
from a CT scan could be multiplied by the same randomly sampled sign. We used B =
100,000 sign flips and calculated the two-sided Monte Carlo randomisation P value
as (b+1)/(B +1). This test does not require random assignment of models, but its
interpretation depends on CT-level sign exchangeability. We therefore also report CT-
cluster bootstrap intervals, which do not require the sign-symmetry assumption, and do
not describe the randomisation P values as exact. Holm correction was applied across
the internal and external primary comparisons [43]. These analyses were performed
after locking models, weights, and thresholds on development data but were not
formally preregistered. P values for equal-weight, constrained-residual, and oracle
analyses were interpreted only within their exploratory analysis families. Inference was
conditional on the three trained model sets; neither CT-cluster procedure incorporated
the population variance due to retraining or selection of the fixed labelled subset.
Seed-specific directions were descriptive stability checks.

2.3 Comparator and secondary analysis design

2.3.1 Model-count-matched homogeneous four-model ensemble
controls

To distinguish directional objectives from generic deep-ensemble effects, we evaluated
two homogeneous four-model ensembles matched only by model count. First, the
four-enhanced-Mean-Teacher ensemble used members with the same backbone, deep
supervision, ambiguity auxiliary head, and semi-supervised objective as the single
enhanced Mean Teacher. The three outer seed groups were {0, 10, 20, 30}, {1, 11,
21, 31}, and {2, 12, 22, 32}; selection of the labelled CT scans was fixed by label-
selection seed 0 for all members. Using only seed-0 development-selection predictions,
the same continuous weight optimisation and hard-threshold scan as for the hetero-
geneous ensemble locked weights of 0.330440, 0.599598, 0.022352, and 0.047610 and
a threshold of 0.600289. These settings were applied unchanged to all three outer
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seed groups. Second, standard Mean Teacher retained only main-segmentation super-
vision and exponential-moving-average consistency: Lstq = Lgeg(Zs, YY) + Au(t)Lu stds
where m(v) = 1{u(v) > 0.90 or we(v) < 0.10], w(v) = 2m(v)|u(v) — 0.5], and

Luystd = 2 w(”)éBci?;)gi(ﬁ,(é})’” +@) Standard Mean Teacher used one teacher forward

pass (K = 1) and did not use deep supervision, an ambiguity branch, Monte Carlo
uncertainty control, or the size-aware threshold module. Its three seed groups were
likewise {0, 10, 20, 30}, {1, 11, 21, 31}, and {2, 12, 22, 32}. Development seed 0
locked weighted-ensemble weights of 0.1232, 0.4612, 0.0994, and 0.3163 and a thresh-
old of 0.5601; the exploratory equal-weight threshold was 0.596. Both controls used
the same 10% labelled subset, strictly unlabelled pool, maximum of 80 epochs, and
checkpoint-selection metric. They matched model count only and did not imply equality
of architecture, parameter count, training FLOPs, inference FLOPs, or wall-clock time.

2.3.2 Development-locked constrained residual recovery

To test whether complementary experts could recover only adjacent foreground voxels
missed by the equal-weight four-standard-Mean-Teacher ensemble, we scanned a low-
complexity add-only residual rule in the development selection set. Let Pp be the
equal-weight four-standard-Mean-Teacher probability, Pr the locked complementary-
expert probability, and B = 1[Pp > 0.596] the baseline mask. Candidate additions
were restricted to the one-voxel six-connected dilation band surrounding B, excluding
B itself. A voxel was added only when Pgr > 0.625, Pp — P> 0, and Pg > 0.40.
The final mask was the union of B and the added region. The rule was selected from
975 candidate combinations on the development selection set and then frozen; no
further tuning used internal or LNDb data. Because the rule never removed baseline-
mask voxels, its intended effect was to improve recall rather than optimise precision
symmetrically.

2.4 Evaluation, statistical analysis, and reporting
2.4.1 Evaluation metrics and statistical analysis

The primary endpoint was Dice similarity coefficient for nodules measuring 3—<6 mm.
Secondary endpoints included intersection over union, precision, recall, average surface
distance, 95th-percentile Hausdorff distance, and absolute relative volume error, defined
according to three-dimensional medical-segmentation metric guidance [41]. All effects
were paired within nodules, averaged across the three training seeds within each nodule,
and clustered by CT scan. The internal and external primary comparisons of the
heterogeneous ensemble with the single enhanced Mean Teacher used 10,000 CT-cluster
bootstrap replicates, 100,000 two-sided Monte Carlo CT-cluster sign flips, and Holm
correction [42, 43]. The development-locked weighted four-standard-Mean-Teacher
ensemble was a secondary model-count-matched control. The development-locked four-
enhanced-Mean-Teacher ensemble was treated as an exploratory model-count-matched
attribution control. Its internal and external direct comparisons were interpreted
descriptively and were not used to support superiority claims; the reported P values
were nominal. Equal-weight four-standard-Mean-Teacher, constrained-residual, and
oracle analyses were exploratory or descriptive; their P values were nominal or adjusted

15



within the corresponding exploratory family, did not have the same evidential status
as the primary comparisons, and did not support new superiority claims.

2.4.2 Generative artificial intelligence assistance and human
verification

OpenAl Codex assisted with language editing and drafting of plotting code. All
study design, experimental results, statistical interpretations, references, and final text
were verified item by item by the named authors, who accept responsibility for the
work. Generative artificial intelligence was not listed as an author, did not generate
experimental data, and did not alter the original medical images.

3 Results

3.1 Development audit and method selection

3.1.1 The initial framework did not resolve bidirectional errors in
small nodules

The size-aware threshold and dual-uncertainty framework improved local pseudo-label
recall but did not improve final Dice for small nodules. Relative to the fixed-threshold
enhanced Mean Teacher, its mean development-selection Dice decreased by 0.013.
Audit of paired nodules showed that lowering the positive threshold recovered some
low-probability foreground voxels but simultaneously expanded false-positive boundary
regions. Uniform uncertainty gating could attenuate both types of voxels but could not
correct omission and expansion in opposite directions. This negative result motivated
the transition from a single thresholding mechanism to complementary recall- and
precision-oriented objectives.

3.1.2 Development shifted from a single mechanism to
complementary model solutions

On the development selection set, E1 and E2 each improved Dice by 0.00292 relative
to the enhanced Mean Teacher, whereas E3 changed Dice by —0.00055. A volume-
oriented candidate improved Dice by 0.00384 but reduced recall and was therefore not
retained. For training seed 0, the locked four-model heterogeneous ensemble improved
Dice by 0.01160; across the three evaluated seeds, the mean development-selection
gain was 0.00888. Adding a fifth volume-oriented model did not improve the fitted
development objective (Dice, 0.817146 versus 0.817179 for the four-model ensemble).
The four-member configuration was therefore frozen before confirmatory testing (Fig. 2).

3.2 Primary internal and external evaluation

3.2.1 Internal held-out testing

In the internal CT-level held-out test set, the mean Dice of the single enhanced Mean
Teacher was 0.76428 and that of the locked heterogeneous ensemble was 0.77915. The
paired improvement was 0.01488 (CT-cluster 95% CI, 0.00665-0.02347; two-sided
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Fig. 2 Development audit and locked ensemble evaluation. The original size-aware and dual-
uncertainty mechanism improved local pseudo-label recall but did not improve final small-nodule Dice.
Paired error auditing identified coexisting foreground omission and boundary expansion, motivating
independently trained recall- and precision-oriented models. Probability weights and the binarisation
threshold were fitted only in the development selection set and then frozen for internal and external
testing. MT, Mean Teacher.

Table 2 Primary small-nodule Dice results

ADice
Small nodules/ Enhanced MT Locked ensemble (CT-cluster
Dataset CT scans Dice Dice 95% CI)
0.01488
Internal CT-level held-out test 62/51 0.76428 0.77915 (0.00665-0.02347)
0.01118
External LNDb 436/176 0.52586 0.53705 (0.00314-0.01892)

Monte Carlo randomisation P = 0.00055; Holm-adjusted P = 0.00110). Dice improved
in 77.4% of nodules, and the median paired difference was 0.00995. Seed-specific effects
were 0.01424, 0.01944, and 0.01095 for seeds 0, 1, and 2, respectively; all were positive
(Table 2 and Fig. 3).

3.2.2 External testing without LNDb adaptation

In the external LNDD test set, the mean Dice of the single enhanced Mean Teacher
was 0.52586 and that of the locked heterogeneous ensemble was 0.53705. The paired
improvement was 0.01118 (CT-cluster 95% CI, 0.00314-0.01892; two-sided Monte Carlo
randomisation P = 0.00673; Holm-adjusted P = 0.00673). Dice improved in 71.3%
of nodules, and the median paired difference was 0.01108. Seed-specific effects were
0.01647, 0.01094, and 0.00615; all were positive despite differences in magnitude. No
LNDb image, label, threshold, or post-processing decision was used during development
(Table 2 and Fig. 3).

Values are means across the three evaluated training seeds. Confidence intervals
were obtained using 10,000 CT-cluster bootstrap replicates. Adjusted P values used
Holm correction across the internal and external primary comparisons. CI, confidence
interval; MT, Mean Teacher.
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Fig. 3 Internal and external gains over a single enhanced Mean Teacher. (a, b) Mean Dice for the
single enhanced Mean Teacher and the development-locked heterogeneous ensemble. (¢, d) CT-cluster
bootstrap distributions of the paired Dice effect. Error bars show CT-cluster 95% confidence intervals.
Effects were averaged across the three evaluated training seeds within each nodule before CT-cluster
inference. LNDb was tested without fine-tuning, recalibration, or threshold reselection. MT, Mean
Teacher.

3.3 Attribution and exploratory analyses
3.3.1 Model-count-matched attribution analysis

The homogeneous ensemble of four enhanced Mean Teachers improved internal Dice
from 0.76428 to 0.78309 but reduced external Dice from 0.52586 to 0.50748, with
negative external effects in all three outer seed groups. Compared directly with this
exploratory control, the heterogeneous ensemble had a mean internal difference of
—0.00394 (95% CI, —0.01577 to 0.00468; nominal P = 0.54035) and an external
difference of 0.02956 (95% CI, 0.01939-0.04015; nominal P = 0.00001). These opposing
results did not establish a stable cross-cohort advantage attributable to heterogeneous
training objectives and were not used to support superiority claims.

The development-locked weighted ensemble of four standard Mean Teachers
improved internal Dice by 0.00813 relative to a single standard Mean Teacher but
changed external Dice by —0.00534; the external direction reversed in outer seed group
2. Relative to this weighted control, the heterogeneous ensemble differed by —0.00525
internally and 0.00671 externally; the external interval crossed zero (95% CI, —0.00207
t0 0.01558; P = 0.13684). In the exploratory equal-weight analysis, four standard Mean
Teachers improved Dice by 0.01091 internally and 0.01489 externally relative to the
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Table 3 Model-count-matched attribution analysis

Method Internal Dice External LNDb Dice Interpretation rela-
tive to single model
Single enhanced MT 0.76428 0.52586 Primary single-model
comparator
Four enhanced MTs 0.78309 0.50748 Internal gain; external
(locked weighted) decrease
Heterogeneous model 0.77915 0.53705 Primary method; gain
ensemble over single enhanced
MT in both cohorts
Four standard MTs 0.78441 0.53034 Secondary model-
(locked weighted) count-matched control
Four standard MTs 0.78719 0.55057 Exploratory; highest
(equal weight) external Dice

corresponding single standard model. Its external Dice was 0.55057, exceeding the het-
erogeneous ensemble by 0.01352 (heterogeneous minus equal-weight standard ensemble:
95% CI, —0.02122 to —0.00604; nominal P = 0.00048). Thus, the primary gain over a
single enhanced Mean Teacher was supported, but a general heterogeneous-objective
advantage over homogeneous deep ensembles was not (Table 3; Figs. 4 and 5).

Values are means across the three evaluated outer seed groups. The equal-weight
four-standard-Mean-Teacher analysis was exploratory. These controls were matched
by model count, not by architecture, training computation, or parameter count. MT,
Mean Teacher.

3.3.2 Constrained residual recovery and oracle analysis

The development-locked add-only residual rule produced a mean Dice difference of
0.00183 relative to the equal-weight four-standard-Mean-Teacher ensemble in the
internal test set (95% CI, —0.00076 to 0.00458; P = 0.18742; Holm-adjusted P =
0.56225). Dice improved in 54.8% of nodules, and all three seed-specific effects were
positive. In LNDDb, the mean difference was 0.00210 (95% CI, —0.00037 to 0.00465; P =
0.10608; Holm-adjusted P = 0.31824); 34.4% of nodules improved, the median difference
was —0.00152, and all three seed-specific mean effects were positive. Because both
confidence intervals crossed zero and the nodule-level distributions were inconsistent,
the rule did not establish a reliable improvement.

Relative to the single enhanced Mean Teacher, the heterogeneous ensemble shifted
the operating balance towards recall. Internally, recall increased by 0.01546 (95%
CI, 0.01191-0.01941; Holm-adjusted P = 0.00007), whereas precision decreased by
0.01185 (95% CI, —0.01536 to —0.00864). Externally, recall increased by 0.02377 (95%
CI, 0.02067-0.02705), whereas precision decreased by 0.01545 (95% CI, —0.01735 to
—0.01359); average surface distance and absolute relative volume error also worsened.
These results indicate that the Dice gain was obtained through a controlled shift in
the recall-precision balance rather than uniform improvement in all metrics.

A nodule-level oracle that selected the best member for each nodule provided
an upper-bound gain of 0.01447 on the seed-0 development selection set. Across the
three evaluated seeds, the oracle gain ranged from 0.00547 to 0.02109 internally and
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Fig. 4 Model-count-matched attribution analysis for small-nodule segmentation. (a) Internal and
external Dice for the single enhanced Mean Teacher, development-locked four-enhanced-Mean-Teacher
ensemble, development-locked weighted four-standard-Mean-Teacher ensemble, exploratory equal-
weight four-standard-Mean-Teacher ensemble, and heterogeneous ensemble. (b) CT-clustered direct
comparisons of the heterogeneous ensemble with each four-model control. (c) Seed-specific external
directions for the same direct comparisons. (d) Primary heterogeneous-ensemble gains over the single
enhanced Mean Teacher. The four-enhanced-Mean-Teacher comparisons were exploratory and their P
values were nominal. MT, Mean Teacher.

from 0.02068 to 0.03942 externally. This remaining gap suggests exploitable nodule-
level complementarity, but it does not constitute a deployable routing result because
the oracle used the ground-truth mask for selection (Fig. 6). Extended seed-specific
and secondary-metric results are provided in Additional file 1, with machine-readable
supporting data in Additional file 2.

3.3.3 Qualitative error patterns

Qualitative LNDDb examples illustrated the attribution comparison with the strong
exploratory equal-weight four-standard-Mean-Teacher ensemble. In some nodules, the
heterogeneous ensemble recovered peripheral foreground missed by the homogeneous
ensemble and improved overlap. In others, their predictions were similar. Failure cases
showed that the heterogeneous ensemble could extend into adjacent parenchyma or
vascular structures, reducing precision despite recovering additional foreground (Fig. 7).
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Fig. 5 Metric trade-offs in the model-count-matched attribution analysis. The panels show direct
paired comparisons of the locked heterogeneous ensemble with the development-locked weighted four-
standard-Mean-Teacher ensemble. For Dice, precision, and recall, benefit was defined as heterogeneous
ensemble minus control. For ASD, HD95, and absolute relative volume error, benefit was defined as
control minus heterogeneous ensemble because lower values are preferable. Positive values therefore
favour the heterogeneous ensemble in every panel. Error bars show CT-cluster 95% confidence intervals.
ASD, average surface distance; HD95, 95th-percentile Hausdorff distance; MT, Mean Teacher.

3.4 Contextual comparison with previous studies

Published pulmonary-nodule segmentation studies differ substantially in candidate
definition, nodule-size range, label budget, train—test separation, and external-testing
protocol [19, 24, 25, 39, 44, 45]. We therefore did not rank methods using cross-paper
Dice values. The appropriate comparison for the present study was paired testing
within the same nodules and frozen protocol. Under that protocol, the heterogeneous
ensemble exceeded the single enhanced Mean Teacher by more than 0.01 Dice in
both the internal and external cohorts, but its advantage over model-count-matched
homogeneous ensembles was cohort dependent.

4 Discussion

This study evaluated whether a development-locked heterogeneous model ensemble
could improve semi-supervised segmentation of candidate-centred 3—<6 mm pulmonary
nodules relative to a single enhanced Mean Teacher. The primary finding was a
small but consistent Dice improvement in both the internal CT-level held-out test set
and external LNDb without adaptation. The mean gains were 0.01488 and 0.01118,
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Dice 0.591 Dice 0.661

Dice 0.558

Dice 0.558

Dice 0.383 Dice 0.350

Heterogeneous ensemble

Boundary overlay

7 Qualitative segmentation and error overlays in external LNDb. Representative nodules

show improved peripheral foreground recovery, similar predictions, and boundary over-expansion.
Columns display the CT patch, reference mask, equal-weight four-standard-Mean-Teacher prediction,
heterogeneous-ensemble prediction, and boundary overlay. Examples were selected to illustrate observed
error modes rather than estimate their prevalence. MT, Mean Teacher.
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respectively; both CT-cluster confidence intervals excluded zero, adjusted P values were
below 0.05, most nodules improved, and all three evaluated training seeds had positive
effects. These results support the bounded claim that the locked multi-model system
improved on its single enhanced-Mean-Teacher baseline under the present protocol.

The development history clarifies why the final method differs from the original
hypothesis. A size-aware positive threshold directly addressed the low foreground
fraction of small nodules, while dual-uncertainty control separated predictive instability
from an ambiguity proxy. However, improving pseudo-label recall alone did not improve
final Dice. Small nodules combined at least two opposing errors: foreground omission
and boundary expansion. Lowering the threshold could correct the former while
aggravating the latter, and uniform confidence gating attenuated both. The subsequent
expert models preserved solutions with different error preferences instead of forcing a
single voxel-selection rule to resolve both simultaneously.

The secondary metrics nevertheless define an important boundary of the benefit.
The ensemble consistently shifted the operating point towards recall, with corresponding
reductions in precision and worsening of some surface and volume metrics externally.
The Dice gain should therefore not be interpreted as uniform contour improvement.
For applications in which missing a small peripheral component is costlier than limited
over-segmentation, this operating shift may be useful. For precise volumetry or growth
assessment, however, the additional boundary and volume errors may be clinically
undesirable and require explicit calibration.

The model-count-matched analyses also constrain causal interpretation. The
heterogeneous ensemble did not show a stable advantage over four homogeneous
enhanced Mean Teachers across cohorts, and the exploratory equal-weight four-standard-
Mean-Teacher ensemble achieved the highest external Dice. Accordingly, the present
experiments cannot separate gains due to directional expert objectives from generic
variance reduction and probability averaging in a deep ensemble [33]. The four-member
heterogeneous system remains the development-locked primary method because its
weights and threshold were locked using development data and it improved on the single
enhanced Mean Teacher in both test cohorts; nevertheless, heterogeneity itself should
be viewed as a plausible design rationale rather than an independently established
source of benefit.

External testing is a strength because no LNDb data were used for fine-tuning,
recalibration, threshold selection, or post-processing. The concordant direction across
the internal and external cohorts reduces the likelihood that the primary result reflects
only one held-out split. CT-cluster inference also avoided treating multiple nodules from
the same scan as statistically independent. However, the available public identifiers did
not permit verification of whether any person contributed more than one CT scan. The
highest auditable clustering level was therefore the CT scan rather than the patient.

Several limitations remain. First, this was candidate-centred segmentation and did
not evaluate whole-volume detection. Second, only 35 of 350 development-training
CT scans contributed voxel-level supervision, and the fixed labelled subset was not
repeated; the statistical intervals were conditional on that selection and on three
trained model sets. Third, internal and external reference masks were constructed
differently, and LNDb was not an independent prospective clinical cohort. Fourth, the
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four-model system increases training, storage, and inference requirements relative to a
single model. Fifth, model-count matching did not equalise architecture, parameter
count, training FLOPs, inference FLOPs, or wall-clock time. Finally, ensemble fitting
used seed-0 development predictions, and the equal-weight standard-Mean-Teacher
analysis was exploratory. Future work should prospectively lock the heterogeneous and
strongest homogeneous ensembles, repeat label-subset selection, evaluate additional
independent cohorts, test calibration for clinically relevant precision—recall operating
points, and develop routing or distillation methods that preserve complementarity with
lower inference cost.

5 Conclusions

Under the present candidate-centred, 10%-label protocol, a development-locked hetero-
geneous model ensemble improved Dice for 3—<6 mm pulmonary nodules by more than
0.01 relative to a single enhanced Mean Teacher in both an internal CT-level held-out
test set and external LNDb without adaptation. The effect direction was concordant
across the three evaluated training seeds and was accompanied by a shift towards
higher recall and lower precision. These findings support a modest, externally observed
ensemble benefit, but they do not establish an independent advantage of heterogeneous
training objectives beyond general deep-ensemble effects. Prospective comparison with
a locked strong homogeneous ensemble and testing in new independent cohorts are
needed.

List of abbreviations

ASD: average surface distance; CI: confidence interval; CT: computed tomography;
FP: false positive; FN: false negative; HD 95: 95th-percentile Hausdorff distance; HU:
Hounsfield unit; LNDb: Lung Nodule Database; MT: Mean Teacher; ReLU: rectified
linear unit; SHA-256: Secure Hash Algorithm 256-bit; TP: true positive.
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