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Abstract. This work investigates the generalizability of state-of-the-art
deep learning models within a medically informed ordinal framework for
lung nodule malignancy risk assessment. A three-class ordinal learning
approach is used to evaluate the algorithms, reflecting the indetermi-
nate nature of screening pulmonary nodules and mirroring radiologi-
cal decision-making. Convolutional neural networks, vision transform-
ers, and capsule networks were implemented in both 2D and 3D. These
models were trained on the well-known LIDC-IDRI dataset and exter-
nally validated under identical conditions on the P-ELCAP dataset, a
novel well-curated lung cancer screening cohort aligned with standard
clinical guidelines for lung nodule management. The 2D vision trans-
former and 3D capsule network achieved the best and second-best ex-
ternal validation performance on P-ELCAP for distinguishing benign
from malignant nodules, with the 3D capsule network producing the
fewest indeterminate predictions, only one of which corresponded to a
truly malignant. However, these results did not extend to nodules sub-
sequently diagnosed as lung cancer at 1–3 years follow-up. The ordinal
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framework can enhance indeterminate pulmonary nodule characteriza-
tion in low-dose CT imaging, contributing to improved risk stratifica-
tion. The findings reflect the challenges of generalization and the critical
need for external assessment of deep learning models prior to clinical
deployment. The dataset and the code are available at https://doi.org/
10.5281/zenodo.21894313 and https://github.com/MiriamCobo/Deep_
ordinal_lung_nodule_evaluation_framework, respectively.
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1 Introduction

Reliable risk assessment of indeterminate pulmonary nodules (IPNs) detected
in low dose computed tomography (LDCT) screening is essential to improve
patient outcomes and avoid unnecessary biopsies [10,12,24]. IPNs are neither
clearly benign nor highly suspicious for malignancy, making their management
a major clinical challenge. The goal is to identify malignant IPNs at early stages
while distinguishing them from a majority of benign nodules, which are typically
deemed non-suspicious when stable in size on follow-up. DL has shown potential
for IPN assessment in LDCT imaging [9,26], yet most methods in the literature
lack external validation, limiting clinical translation and real-world adoption
[14,3].

Many state-of-the-art (SOTA) DL approaches in lung nodule assessment
[9,13] are trained on the publicly available LIDC-IDRI dataset [2], which in-
cludes nodule malignancy annotations (ranging from label 1, indicating low risk,
to label 5, corresponding to high risk) provided by four independent radiolo-
gists. Since its collection in 2011, the criteria used in LIDC-IDRI have been
updated by the Lung CT Screening Reporting and Data System (Lung-RADS),
developed to standardize the reporting and management of screen-detected pul-
monary nodules, and improve risk assessment [4]. In clinical practice, follow-
ing Lung-RADS guidelines, nodules are broadly categorized into three stages:
benign or indeterminate (requiring risk-dependent follow-up), and malignant
(necessitating immediate intervention). This risk stratification motivates an or-
dinal learning formulation, enabling prior clinical knowledge to be incorporated
through ordinal regularization [21,23,5] (illustrated in Fig. 1). Differing from
prior work [1,9,13,26,28], which ignored the ordinal progression of malignancy
risk and relied on binary or multiclass classification, our framework formulates
lung cancer risk as an ordinal problem aligned with clinical reasoning. Notably,
earlier methods excluded the indeterminate label (3) in LIDC-IDRI [1,9,13,23],
overlooking its role as a transitional risk category. While Wu et al. [27] proposed
a three-class ordinal regression approach using LIDC-IDRI, their 3D DenseNet
architecture lacked comparison with other baselines and external validation, lim-
iting conclusions on generalizability and clinical utility.

DL architectures in medical imaging are typically based on convolutional
neural networks (CNNs), e.g. DenseNet [11] and EfficientNet [22], or attention

https://doi.org/10.5281/zenodo.21894313
https://doi.org/10.5281/zenodo.21894313
https://github.com/MiriamCobo/Deep_ordinal_lung_nodule_evaluation_framework
https://github.com/MiriamCobo/Deep_ordinal_lung_nodule_evaluation_framework


Ordinal deep learning for lung cancer diagnosis 3

Fig. 1. Illustration of state-of-the-art methods, that disregard the ordinal nature of
risk in IPNs, in contrast with our approach, aligned with radiological decision-making.

mechanisms, like Vision Transformers (ViT) [8]. As an alternative, capsule net-
works (CapsNets) were proposed to overcome CNNs’ limitations in modeling
spatial hierarchies and part–whole relationships [7]. In LIDC-IDRI, recent bi-
nary classification approaches used 2D CapsNets that learned privileged infor-
mation on nodule attributes [9,13], which were also annotated in this dataset
[2]. In 3D, Afshar et al. [1] proposed a multi-scale CapsNet with five nodule-
centered patches. However, these approaches lacked external validation, which
increases the risk of sequential overfitting, that occurs when the best-performing
model has simply overfitted to the test data, rather than genuinely exhibiting
better generalization [15]. In this context, Shao et al. [19] evaluated SOTA mod-
els trained on LIDC-IDRI on a new pathologically confirmed dataset (LIDP),
concluding poor generalizability due to distribution shifts and the lack of patho-
logical confirmation in LIDC-IDRI. Yet, we identified several limitations in this
study: (1) the authors stated that the data originated from different distribu-
tions, but they did not thoroughly investigate how to better align radiological
labels in LIDC-IDRI with pathological information in LIDP; (2) benign nodules
confirmed with biopsy are biased to difficult samples and do not faithfully repre-
sent clinical practice; (3) label 3 in LIDC-IDRI was excluded, which represents
the majority of IPNs and remains the primary unmet clinical need.

In this work, we validate medically informed DL ordinal approaches for lung
nodule risk assessment on a novel well-curated screening cohort (P-ELCAP).
Beyond LIDC-IDRI [2], publicly available high-quality datasets that follow stan-
dard clinical guidelines for lung nodule management are scarce, and the availabil-
ity of corresponding annotations is even more limited. Although LIDP [19] was
planned to be released after an embargo period, to the best of our knowledge, it is
still not publicly accessible. Our contributions can be summarized as (1) explor-
ing how to leverage LIDC-IDRI radiological labels in an ordinal approach that
aligns with clinical practice and targets unmet needs in IPN characterization;
(2) benchmarking popular architectures to assess generalizability.
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2 Materials and methods

2.1 Data

LIDC-IDRI. All models were trained on the LIDC-IDRI [2] dataset. To min-
imize label uncertainty, only nodules annotated by 3 to 4 radiologists with a
standard deviation below 1.0 were considered. In the training set, we repeated
the same nodule, leveraging the different annotations available (with slightly dif-
ferent centroids) as a form of data augmentation, while in test and validation we
took only the first annotation available. We considered the same labeling criteria
as Wu et al. [27]: nodules with an average score above 3.5 were labeled as ma-
lignant (label 2), those within [2.5, 3.5] were labeled as indeterminate (label 1),
and those below 2.5 were labeled as benign (label 0), covering the full range of
IPN classifications and considering the ordinal risk. Data were split into training
(72%), validation (8%), and test (20%) using stratification based on the ordinal
malignancy label, resulting in 3016 training, 91 validation and 223 test samples.

P-ELCAP. External validation was performed on the P-ELCAP dataset [6],
retrospectively collected at Clínica Universidad de Navarra, Spain, with the ap-
proval of the University of Navarra Research Ethics Board (ref 2020.251, January
25th, 2021). P-ELCAP includes 67 lung cancer cases identified within 5 years
prior to diagnosis, and 68 matched controls with benign nodules, confirmed by
at least two years of stable follow-up LDCT imaging. There are 5 imaging false
positive (FP) cases, who underwent surgery for a suspicious nodule that was
conclusively excluded as lung cancer upon pathological examination. Among
lung cancer participants, 31 cases were diagnosed at baseline. The remaining
pre-lung cancer (Pre-LC) cases were distributed across subsequent years (8, 9,
10, 7, and 2 cases at years 1–5, respectively), with one case per year in years
1–3 in which the nodule was not visible at the corresponding acquisition time
point. Validation analyses were restricted to years 1–3 due to the limited clinical
relevance of more distant time points. P-ELCAP is biased toward challenging
IPNs, reflecting the difficulty of distinguishing malignant from benign nodules
in routine screening. LDCT scans were obtained before the administration of
any relevant treatments and surgery, and revised to preserve the integrity and
completeness of the dataset. Lung nodules were annotated by an experienced
radiology technician, and subsequently revised by a thoracic radiologist.

2.2 Method

Each model is trained with a total loss Ltotal, composed of multiple terms, on
the LIDC-IDRI dataset. A prediction loss Lpred of nodule malignancy risk, rep-
resenting the ordinal beta cross entropy (βCE) loss from Vargas et al. [25], is
optimized in all models. CapsNets include an additional attribute loss Lattr. For
the 2D CapsNet specifically, a reconstruction loss Lrecon is incorporated, as in
the original work by Gallée et al. [9]. The total loss is formally defined as:

Ltotal = Lpred + λattr · Lattr + λrecon · Lrecon (1)
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The nodule malignancy prediction loss Lpred is defined using the βCE [25]:

Lpred = βCE(y, ŷ; η = 0.5, J = 3)

=

J∑
i=1

q′(i) · [− log p(y = Ci | x)] (2)

where J = 3 is the number of ordinal classes, and p(y = Ci | x) denotes the
predicted probability for class Ci. The soft target distribution q′(i) is defined as:

q′(i) = (1− η)δi,y + ηf(x, a, b) (3)

where f(x, a, b) is the probability value sampled from a beta distribution centered
in x = 2J−1

2J , the parameters a and b are calculated as described by Vargas et
al. [25], and δi,y is the Dirac delta function, which equals 1 if i = y and 0
otherwise, and corresponds to the one-hot encoding of the ground-truth label.
The parameter η ∈ [0, 1] controls the linear combination between the one-hot
ground-truth label and a unimodal prior derived from the beta distribution used
to smooth the original one-hot label into a soft label [25]. We empirically set
η = 0.5. The attribute loss Lattr is only used to train the 2D and 3D CapsNet
models, with λattr = 3. This loss is defined as in Gallée et al. [9]:

Lattr =

K∑
k=1

MSE
(
apred
k [i], agt

k [i]
)
, ∀i ∈ Iattr (4)

where K = 8 is the number of attributes, apred
k [i] and agt

k [i] denote the predicted
and ground-truth values (mean attribute score by the radiologists), respectively,
for the k-th attribute of sample i, and Iattr is the set of indices corresponding
to the samples for which attribute annotations are available. The mean squared
error (MSE) is computed independently for each attribute across the annotated
samples. The reconstruction loss Lrecon is only used in the 2D CapsNet to predict
the segmentation mask of the nodule, with λrecon = 1. This loss is defined as [9]:

Lrecon = MSE(xrecon, x) (5)

where x is the segmentation mask and xrecon is the output produced by the
decoder branch of the 2D CapsNet. Models were implemented in PyTorch 2.5.1
[18] on NVIDIA A30 GPUs (24 GB VRAM) using AdamW [16] (batch size 256).

Framework. Baseline models included DenseNet121 [11], EfficientNet-B0
[22], and ViT [8] in both 2D and 3D. We used the CapsNet-2D of Gallée et al.
[9] without prototypes, since their ablation study showed no significant impact on
performance. Their approach aimed to predict the distribution of radiologists’
scores, excluding nodules with a mean score of 3, and considering predictions
within ±1 of the reference label (within-1 accuracy) as correct [9,13]. However,
as most LIDC-IDRI nodules have a score between 2–4, the model predominantly
predicted the peak of the distribution at label 3, limiting its discriminative power.
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We designed a 3D CapsNet (Fig.2) reducing feature maps (256→32) and rout-
ing iterations (3→2) in the original implementation [9] without compromising
performance. The reconstruction module was excluded from the 3D version fol-
lowing suboptimal 2D evaluation performance, quantified by the Dice similarity
coefficient used in prior work [9] (DSC: 0.66 in LIDC-IDRI, 0.55 in P-ELCAP).

Fig. 2. Proposed 3D capsule network architecture incorporating attribute information
to predict three-class ordinal malignancy risk in pulmonary nodules. B denotes the
batch.

Preprocessing. A crop of size [32, 32, 32] pixels centered on the nodule’s
centroid was used to capture 3D context. The minority of nodules exceeding this
size in one or more dimensions were down-sampled along the corresponding axes.
In 2D, only slices within this crop containing the annotated nodule were retained.
In contrast, Afshar et al. [1] used only one central and four neighboring slices,
and Gallée et al. [9] performed tight 2D crops based on segmentation masks that
were resized to the input size, which limited the contextual information.

Evaluation metrics. Previous work on LIDC-IDRI reported a single met-
ric, within-1 accuracy [9,13]. However, this metric alone fails to capture overall
model performance and is insufficient for a multi-class classification problem with
an inherent ordinal nature [17]. Instead, we used three-class accuracy (Acc.),
balanced accuracy (B. acc.), mean absolute error (MAE), root mean squared
error (RMSE), Uniform Ordinal Classification index (AUOC) [20], and quadratic
weighted Cohen’s Kappa score (QWK) to evaluate on LIDC-IDRI test subset.
For the 2D models, slice-level predictions were aggregated to obtain a nodule-
level prediction using either the mean or the maximum predicted score across
the retained slices. The aggregation strategy was selected based on the best
performance on LIDC-IDRI validation subset. In the external validation on the
P-ELCAP subset, malignant nodules diagnosed in the same year as the LDCT
acquisition were assigned the maximum risk label (2), while benign nodules were
assigned the minimum risk label (0). We report the number of nodules predicted
as indeterminate (label 1), along with how many of these correspond to true
benign or malignant cases. Binary classification metrics including Acc., B. acc.,
sensitivity (Sens.), precision (Prec.), specificity (Spec.), negative predictive value
(NPV) and F1-score were calculated excluding indeterminate predictions. For all
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the models, 95% confidence intervals estimated by bootstrapping were calculated
generating 1000 bootstrap samples.

3 Results

Throughout all tables, subscripts denote the maximum half-width of the 95%
confidence interval, best and second-best performances are marked bold and
underlined, and DN, EN, CN refer to DenseNet, EfficientNet, and CapsNet.

Internal evaluation in LIDC-IDRI. Table 1 shows internal performance
on the test set. To ensure correct implementation, the 2D CapsNet was repro-
duced as in Gallée et al. [9], achieving compatible within-1-accuracy (0.945).Table
2 shows binary classification performance excluding ground truth label 1 (inde-
terminates).

Table 1. Performance on internal LIDC-IDRI test subset with ordinal approach. Total
true indeterminates are 53.4%. The aggregation method (Agg.) used in 2D models to
compute the global score is indicated (Avg. = average, Max. = maximum).

Model DN-2D EN-2D ViT-2D CN-2D DN-3D EN-3D ViT-3D CN-3D

Agg. Avg. Avg. Avg. Max. – – – –
Acc. 0.660.06 0.580.07 0.640.07 0.520.07 0.500.07 0.530.07 0.580.06 0.470.07
B. acc. 0.680.07 0.620.07 0.650.07 0.650.05 0.550.07 0.560.06 0.590.07 0.630.05
MAE 0.380.07 0.430.07 0.380.07 0.530.08 0.550.08 0.500.07 0.440.07 0.540.07
RMSE 0.680.09 0.680.07 0.640.07 0.790.08 0.810.08 0.750.07 0.690.06 0.760.06
AUOC 0.460.07 0.500.06 0.480.08 0.480.06 0.580.06 0.550.06 0.520.06 0.470.06
QWK 0.520.12 0.520.11 0.550.11 0.500.10 0.390.11 0.420.10 0.480.10 0.540.09
% Pred. indet. 51.1 48.4 51.1 19.3 39.5 52.9 53.4 12.6

Table 2. Performance on internal LIDC-IDRI test subset with ordinal approach, re-
stricted to benign and lung cancer ground truth labels.

Model DN-2D EN-2D ViT-2D CN-2D DN-3D EN-3D ViT-3D CN-3D

Acc. 0.880.08 0.940.08 0.940.06 0.880.07 0.840.09 0.880.09 0.930.07 0.960.04

B. acc. 0.880.07 0.940.06 0.940.06 0.900.05 0.840.09 0.840.10 0.920.08 0.960.05

Sens. 1.000.00 1.000.00 0.940.09 1.000.00 0.890.11 1.000.00 1.000.00 0.970.06
Prec. 0.800.13 0.900.12 0.940.09 0.780.12 0.830.13 0.830.12 0.890.11 0.930.10
Spec. 0.760.14 0.870.13 0.950.08 0.800.11 0.780.16 0.690.19 0.830.16 0.940.07
NPV 1.000.00 1.000.00 0.950.08 1.000.00 0.860.13 1.000.00 1.000.00 0.980.04
F1-score 0.880.08 0.940.07 0.940.07 0.870.08 0.860.10 0.910.07 0.940.06 0.950.06

# Pred. indet. 31 39 36 10 35 48 49 11

# True benign 26 33 28 9 32 42 41 10
# True malignant 5 6 8 1 3 6 8 1
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External validation on P-ELCAP. Table 3 shows binary classification
generalizability to P-ELCAP, and Table 4 contains predictions for pre-LC cases
(years 1–3 before diagnosis) and imaging FP.

Table 3. Performance on external P-ELCAP validation, restricted to benign and lung
cancer ground truth labels. aNPV undefined for resamples with no predicted negatives.

Model DN-2D EN-2D ViT-2D CN-2D DN-3D EN-3D ViT-3D CN-3D

Acc. 0.540.14 0.570.14 0.840.14 0.590.12 0.650.12 0.670.12 0.570.13 0.760.10
B. acc. 0.590.07 0.630.08 0.850.11 0.680.07 0.650.09 0.680.10 0.550.10 0.780.10
Sens. 1.000.00 1.000.00 1.000.00 1.000.00 0.970.08 0.960.08 0.920.11 0.850.14
Prec. 0.500.15 0.500.16 0.750.19 0.470.13 0.590.14 0.610.14 0.560.14 0.640.15
Spec. 0.170.15 0.250.17 0.690.21 0.360.14 0.330.16 0.390.18 0.170.18 0.710.13

NPV –a 1.000.00 1.000.00 1.000.00 0.910.20 0.910.20 –a 0.880.11
F1-score 0.660.14 0.660.15 0.850.13 0.640.13 0.730.12 0.740.11 0.700.13 0.730.13
# Pred. indet. 46 50 62 23 39 45 51 18

# True benign 39 40 49 20 37 40 45 17

# True malignant 7 10 13 3 2 5 6 1

Table 4. Predictions in pre-LC nodules at years 1–3 prior to diagnosis and imaging false
positives (FP). Indeterminate predictions are the complement of benign and malignant.

Model Group Pre-LC year 1 Pre-LC year 2 Pre-LC year 3 FP

DN-2D Benign 0 0 0 0
Malignant 6 5 7 5

EN-2D Benign 0 0 1 0
Malignant 2 4 4 3

ViT-2D Benign 0 1 1 0
Malignant 0 4 6 2

CN-2D Benign 2 1 0 0
Malignant 3 6 8 5

DN-3D Benign 1 1 1 0
Malignant 5 4 7 5

EN-3D Benign 2 3 1 0
Malignant 1 3 4 5

ViT-3D Benign 1 0 0 0
Malignant 2 3 5 4

CN-3D Benign 3 2 3 0
Malignant 4 3 5 4

Total — 7 8 9 5
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4 Discussion

The generalizability of SOTA DL models in lung nodule risk assessment was
evaluated following a three class medically informed ordinal approach resem-
bling clinical practice. The findings indicate that high performance on internal
test data may not consistently translate to the external dataset, underscoring
the need for robust validation before clinical translation. Results from previous
work on LIDC-IDRI that lack external validation should be interpreted as up-
per bounds under idealized conditions rather than reliable estimates for clinical
deployment [3]. The 3D CapsNet achieved the highest specificity and fewest in-
determinate predictions on the external dataset, with only one corresponding to
a true malignant (Table 3), consistent with its binary classification performance
on LIDC-IDRI (Table 2). High specificity is critical in screening to minimize
unnecessary procedures and patient anxiety. While the 2D ViT outperformed
the 3D CapsNet across most binary metrics, it predicted 62 indeterminates, 13
of them truly malignant, compared to the 3D CapsNet’s single malignant (Table
3), a key clinical distinction in screening, where missing malignant nodules poses
significant patient risk. The remaining models exhibited very low specificity in
the external validation, limiting clinical suitability. A further consideration for
clinical translation is the dependence on full nodule segmentation. This limita-
tion could be mitigated by integrating a pre-existing automated segmentation
model from the literature into the pipeline, thereby eliminating the need for
manual delineation. Performance on pre-LC cases (Table 4) was mixed across
models, highlighting the absence of a clear superior approach and the need for
further validation in larger independent cohorts.

We aligned LIDC-IDRI radiological labels with a clinical dataset, address-
ing previous limitations [19] and highlighting their utility despite the lack of
pathological confirmation. This alignment enables adaptation of public datasets
to smaller clinical cohorts, where expert annotations are costly and scarce. Our
work also addresses the problem of sequential overfitting [15], demonstrating
that solving real-world clinical needs requires robust validation, clinical work-
flow understanding, and awareness of dataset distribution shifts. The proposed
ordinal framework shows potential for improving IPN risk stratification and sup-
porting earlier lung cancer diagnosis. This work ultimately underscores the often
over-looked importance of clinical needs and external validation. To support re-
producible validation in lung cancer screening, we release P-ELCAP [6].
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