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Abstract
Lung cancer is the leading cause of cancer-related deaths in the UK. Its high mortality rate is primarily due to its
asymptomatic nature in the early stages, leading to late-stage diagnoses. However, effective early detection methods,
such as Low-Dose Computed Tomography (LDCT), and treatments for early-stage disease make lung cancer an ideal
candidate for screening. The UK Government aims to implement a national lung cancer screening programme targeting
high-risk populations by 2029. This will significantly increase the workload on an already stretched radiology workforce,
driving the adoption of computer-aided detection (CADe) systems to support radiologists. The datasets used to train
these algorithms are typically drawn from previous lung cancer screening trials and studies (National Lung Screening
Trial Research Team (2011); de Koning et al. (2020)), which often lack balanced representation of protected groups,
such as sex and ethnicity. This project examines whether training nodule detection algorithms on low-dose computed
tomography (LDCT) scans from a London-based lung screening study, where these groups are typically under-represented,
affects algorithm performance for under-represented categories. Our results indicate that overall performance remains
equitable across all categories, even when trained on unbalanced datasets. The discriminative performance of deep
learning-based pulmonary nodule detection algorithms is primarily driven by the composition of the dataset, specifically,
the relative proportion of nodule types and sizes, rather than by protected attributes such as sex or ethnic group.
The features learned from the nodules themselves drive detection outcomes, meaning that in populations where the
prevalent nodule characteristics closely match the training data, performance is likely to be strong. While this study
found no demographic disparities for nodule detection, there is no guarantee that this will be true across all populations,
particularly those in populations where cancer risk predominates within different nodule distributions. This study provides
an early assessment of performance variations of deep learning models across under-represented groups within a standard
lung cancer screening dataset. While previous research has focused on improving how well nodule detection algorithms
identify pulmonary nodules, this study uniquely focuses on demographic performance disparities and the impact of
training data composition and algorithm design on model generalisability. The findings highlight critical considerations
for the deployment of CADe systems in lung cancer screening, ensuring equitable performance across diverse patient
populations. Our code is available at https://github.com/johnmccabe44/fairness-in-nodule-detection.

Keywords
Nodule Detection Algorithms, Fairness in AI, Lung Cancer Screening

Article informations
https://doi.org/https://doi.org/10.59275/j.melba.2025-6838 ©2025 McCabe and Cheng. License: CC-BY 4.0

Received: 2025-04, Published 2025-12

Corresponding author: j.mccabe@ucl.ac.uk
Special issue: Special issue on Fairness of AI in Medical Imaging (FAIMI)
Guest editors: Veronika Cheplygina, Aasa Feragen, Andrew King, Ben Glocker, Enzo Ferrante, Eike Petersen, Esther
Puyol-Antón, Melanie Ganz-Benjaminsen

665

https://github.com/johnmccabe44/fairness-in-nodule-detection
https://doi.org/https://doi.org/10.59275/j.melba.2025-6838
https://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog?doi=https://doi.org/10.59275/j.melba.2025-6838&domain=pdf&date_stamp=2025-12
mailto:j.mccabe@ucl.ac.uk


McCabe and Cheng, 2025

1. Introduction

L ung cancer is the leading cause of cancer death
and most diagnosed cancer worldwide (Bray et al.
(2024)). It is responsible for the most cancer deaths

in the UK, with on average 35,000 deaths per year (Cancer
Research UK (2015)). This corresponds to 20% of all
cancer deaths. The main reason for the high mortality rate
is that lung cancer is often asymptomatic in the early stages,
and therefore tends to be diagnosed when the cancer is
at an advanced clinical stage. If lung cancer is diagnosed
early, treatments are more likely to be effective, and the
probability of survival improves. Patients diagnosed at early
stages (I or II) of lung cancer have a 5-year survival rate
ranging from 53% to 92%, while patients at later stages
(III and IV) have 5-year survival rates between 10% and
36% (Cancer Research UK (2015)).

Two major Randomized Control Trials (RCTs) (National
Lung Screening Trial Research Team (2011); de Koning
et al. (2020)) have demonstrated that Low Dose Computed
Tomography (LDCT) is effective in detecting early-stage
lung cancer in high-risk populations, leading to a 20-24% re-
duction in lung cancer mortality. The primary goal of LDCT
screening is to identify lung nodules, which are abnormal
growths, some of which may represent early-stage cancer.
However, detecting malignant nodules is challenging, as
most are benign and do not require further evaluation,
and some normal lung structures can mimic their appear-
ance. Therefore, a key aspect of nodule assessment is
accurately identifying those with a high likelihood of ma-
lignancy, referred to as actionable nodules, as they require
clinical follow-up. This follow-up can range from immedi-
ate referral to a Multi-Disciplinary Team (MDT) for highly
suspicious nodules, to scheduled follow-up scans to monitor
for growth. To ensure consistency in nodule classification
and reporting, the Fleischner Society has established stan-
dardized terminology and provides guidelines for follow-up
and management (Bankier et al. (2024)).

Beyond distinguishing malignant from benign, nodules
are further characterized by their radiological appearance
into subtypes, which plays a critical role in clinical decision-
making. To illustrate this variability, Figure 1 presents
representative examples of solid, part-solid, and non-solid
nodules. These examples highlight the wide range of ap-
pearances across subtypes, underscoring the difficulty of
consistent annotation and the potential for inter-observer
variability.

The success of the RCTs has led to both the European
Commission and UK National Screening Committee review-
ing recommendations for screening of high-risk populations
such as current and former smokers. The European Com-
mission has recommended lung cancer screening as part
of its Europe’s beating Cancer Plan (Gyrard et al. (2025))

Figure 1: Representative examples of lung nodule types ob-
served in LDCT screening: (left) solid, (middle) part-solid,
and (right) non-solid. These images highlight the variability
in nodule appearance that contributes to annotation chal-
lenges.

with several countries already having started implementa-
tion of lung cancer screening programmes (Arnold (2024)).
The UK National Screening Committee has recommended
the phased roll out of lung cancer screening for high-risk
patients across all four UK nations.

The expansion of lung cancer screening programmes,
combined with aging populations, will significantly increase
the number of LDCT scans requiring reporting by radiol-
ogists. However, the widespread shortage of radiologists
across many countries (Mirak et al. (2025); The Royal Col-
lege of Radiologists (2021)), coupled with rising demand,
is further exacerbated by factors such as burnout (Parikh
et al. (2020)) and an aging workforce approaching retire-
ment. These challenges are likely to place additional strain
on existing radiologists, leading to reporting delays, an
overburdened workforce, and potential negative impacts on
patient care, clinical standards, and overall health outcomes.

Steps are being taken to address these resource chal-
lenges, with some countries adopting teleradiology to help
address geographical and temporal challenges (Hanna et al.
(2020)). Technological advances are another way to respond
to these workforce challenges, with artificial intelligence and
machine learning (AI/ML) being viewed as a potential so-
lution. AI is gaining significant attention across various
sectors. In particular, deep learning (DL), a key subset of AI,
has already shown significant promise in healthcare settings,
having been successfully deployed in areas such as computer-
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aided detection (CADe) for example Veolity (MeVis Medical
Solutions AG), Veye Lung Nodules (Aidence), and AI-Rad
Companion (Siemens Healthineers), drug discovery (Yang
et al. (2019)), and robotic surgery (Beyaz (2020)).

Generalisability and bias continues to be a significant
hurdle in DL model development (Buolamwini and Gebru
(2018); Wang and Deng (2019); Brandao (2019)), as it
depends on training with sufficient data to accurately learn
the underlying data distribution. When the training data
fails to fully represent the diversity of real-world cases,
models struggle to generalise effectively, often resulting in
bias. This issue is particularly critical in medical imaging,
where biases have been observed due to training on limited
datasets, spanning various medical domains and diseases
(Puyol-Anton et al. (2021); Weng et al. (2023); Burlina
et al. (2021)).

Ensuring fairness when developing AI systems for lung
cancer screening is challenging given existing disparities
in lung cancer outcomes across sex and ethnic groups.
These disparities arise from complex interlocking factors,
including socioeconomic deprivation, which is linked to
smoking, as well as cultural differences in smoking habits
and access to healthcare. If AI systems integrated into
lung cancer screening workflows introduce bias, they risk
exacerbating these structural inequalities, further widening
health disparities.

Several commercial CADe systems have been licensed as
second readers for lung cancer screening, aiding radiologists
in scan interpretation. To protect intellectual property, the
specifics of their model design and training data are delib-
erately opaque. The datasets available for training these
systems are limited, primarily sourced from past studies or
publicly available repositories. Widely used datasets like
NLST and NELSON also lack diversity. For instance, NLST
had more than 90% of participants from White ethnic back-
grounds and the NELSON study had a 5:1 male-to-female
ratio. Additionally, most of these data sets were collected
more than a decade ago. Since then advances in scanner
technology have altered scan characteristics, such as resolu-
tion and spacing while guidelines on lung nodule taxonomy
have evolved, thereby introducing temporal bias in these
datasets.

Most academic research on nodule detection algorithms
(Setio et al. (2017); Kaggle (2017)), treat all nodules as a
single entity, without distinguishing between different nod-
ule types. This is partly due to the limitations of publicly
available datasets, which either lack nodule type, annota-
tions or contain too few cases of certain types for meaningful
analysis. This contrasts with the fact that distinct types of
lung cancer are more likely associated with certain nodule
types (Roy et al. (2022)) and consequently have both vary-
ing management plans and mortality rates. Furthermore,
there is good evidence that the incidence of different lung

cancers and nodule types varies across ethnic groups and
sex (Chen et al. (2025)).

This paper examines variations in performance across
protected characteristics (sex and ethnicity) using multiple
state-of-the-art nodule detection algorithms. It investi-
gates whether performance disparities arise from training
on datasets where underperforming groups are underrepre-
sented. Additionally, it explores key factors driving model
performance.

Our earlier work, presented at the MICCAI 2024 FAIMI
Workshop (McCabe et al. (2024)), investigated demo-
graphic fairness in lung nodule detection using two state-of-
the-art CNN-based algorithms. That study evaluated model
performance across sex and ethnic groups at the nodule
level, using Free-response Receiver Operating Characteristic
(FROC) and Competition Performance Metric (CPM) anal-
yses. We reported initial evidence of performance disparities
linked to the composition of training data, particularly the
distribution of nodule subtypes.

Building on this foundation, the present work substan-
tially extends our analyses in several directions:

• Expanded model evaluation: In addition to CNN
based detection algorithms, we evaluate a recently pub-
lished nodule detection model that integrates transformer
blocks. The inclusion of a transformer based model allows
us to examine whether the capacity of transformers to
capture long-range spatial dependencies and global con-
text improves nodule localisation relative to conventional
patch-based CNN approaches, and whether such archi-
tectural differences influence fairness across demographic
groups.

• Broader performance metrics: We extend beyond tra-
ditional nodule-level metrics by including mean average
precision (mAP). The standard Free Receiver Operating
Curve (FROC) metric only checks if the predicted cen-
troid falls within the annotated nodule’s radius, ignoring
predicted diameter. By adding mAP, we explicitly evalu-
ate the accuracy of both nodule localization and diameter
prediction, providing a more comprehensive assessment.
We also perform statistical analyses to assess significant
differences in performance between demographic groups.

• Fairness-focused scan-level analysis: We evaluate four
scan-level fairness metrics, true positive rate (TPR), false
positive rate (FPR), positive predictive value (PPV), and
prevalence ratio (PR), to better capture downstream clin-
ical implications of demographic performance disparities.

• External validation: We introduce the Lung Screen
Uptake Trial (LSUT) dataset as an external test set,
demonstrating the generalisability of our findings across
independent screening studies.
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• Calibration assessment: We assess calibration metrics
to evaluate the reliability of model outputs, an important
consideration for clinical deployment.

Together, these contributions strengthen the analysis by
linking methodological innovation to fairness assessment,
and by highlighting both technical and clinical implica-
tions of demographic performance disparities in lung cancer
screening AI systems. In this work, we adopt a group
fairness perspective, defining fairness as the absence of
systematic performance differences across demographic sub-
groups (sex and ethnicity). We operationalise this definition
through established detection metrics at both the nodule
level (FROC sensitivity, CPM, mAP) and the scan level
(TPR, FPR, PPV, PR). Comparable performance across
subgroups on these metrics is interpreted as evidence of
algorithmic fairness, while systematic disparities indicate
potential bias that could translate into unequal clinical
outcomes.

2. Methods

2.1 Study Design

Our study used a comparative design to examine whether
there was a performance variation across sex and ethnicity
in DL based nodule detection algorithms. Three state-of-
the-art nodule detection algorithms were selected based on
availability, diversity in architecture and performance on a
classic lung nodule detection challenge, LUNA16. Initial
training and testing was carried out using a subset of data
drawn from the SUMMIT study, one of Europe’s largest
lung cancer screening studies. To further validate findings,
a subset of data drawn from the Lung Screen Uptake Trial
(LSUT) was used as an additional validation dataset.

2.2 Dataset Descriptions

SUMMIT. The SUMMIT study is a London based, lung
cancer screening study that recruited high-risk participants.
Participants were consented into the study between April
2019 and May 2021. Individuals aged 55 to 77 years with a
history of smoking in north and east London were identified
through electronic health records and invited through pri-
mary care. After initial eligibility was confirmed via a phone
screener, qualifying participants were invited to attend a
lung health check. During the lung health check, in-person
eligibility assessments were conducted based on the 2013
United States Preventive Services Taskforce (USPSTF)
Low-Dose CT screening criteria, and the 2012 Prostate,
Lung, Colorectal, and Ovarian (PLCOm2012) model. Eligible
participants were offered LDCT. Participants were subse-
quently invited to attend annual lung health checks and
interval scans over the following two years. Those without

Figure 2: Flowchart of SUMMIT scan selection. Of 33,093
scans across all timepoints, 12,961 baseline scans were
identified. At the time of the project, 5,940 had been
transferred from hospital systems to the study research
environment and were therefore available for analysis.

suspicious findings at year 1 were randomised to receive
LDCT at year 1.

Sex was obtained from primary care records. Ethnic
group was self-reported during the lung health check. Par-
ticipants were selected from 16 categories, subdivided into
five major groups, which aligns with the 2021 ONS Census:
White (White British; White Irish; Other White); Asian
(Bangladeshi; Indian; Pakistani; Other Asian); Black (Black
African; Black Caribbean; Other Black); Mixed (White
and Asian; White and Black African; White and Black
Caribbean; Other Mixed); Other (Chinese; Any other ethnic
group).

Written consent was obtained from participants at the
point of determining study eligibility. Ethical approval
was obtained from a NHS Research Ethics committee
(17/LO/2004) and the NHS Health Research Authority’s
Confidentiality Advisory Group (18/CAG/0054).

A subset of 5,940 baseline LDCT scans was used in this
analysis. This included all basline scans initially transferred
from the hospital. Additional steps were taken to enrich
the sample from underrepresented ethnic groups to support
the intended analysis. This slightly enriched sample still
reflects the broader SUMMIT cohort, which has a slight
male predominance and a majority from the White ethnic
group. The intersection of protected groups reveals a no-
table sex imbalance, particularly among Asian and Black
females, whose numbers are too low for meaningful sub-
group analysis. Figure 2 shows a flowchart outlining the
selection process for SUMMIT scans.

All scans were captured using GE Revolution CT scan-
ners by GE Healthcare, which were specially purchased for
the SUMMIT study. The in-plane pixel spacing had a me-
dian of 0.674 mm2 (IQR: 0.633-0.713 mm2), ranging from
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0.480 mm2 to 0.977 mm2. The slice thickness was highly
consistent, with more than 99.9% of the scans with a slice
thickness of 0.625 mm.

LSUT. The Lung Screen Uptake Trial (LSUT) is a London-
based randomized controlled trial (RCT) of invitation meth-
ods to lung cancer screening, which began in April 2016.
Participants were identified from primary care practices
across London and invited to attend a pre-scheduled lung
health check. The initial eligibility criteria for participants
included being aged 60-75 and having a documented smok-
ing history in primary care records within the past six years.
Sex and ethnic group data were extracted from the primary
care records, with ethnic group classifications following the
2011 Census guidelines. These ethnic categories were fur-
ther categorized into 16 and subsequently 5 broad groups,
as previously outlined for the SUMMIT dataset. Similar
to SUMMIT, risk-based eligibility checks were carried out
before, participants were deemed eligible for LDCT, these
included PLCOm2012 and Liverpool Lung Project (LLP v2.0).
Of the 759 scans available in the validation dataset, only
297 were included due to necessary reprocessing under the
SUMMIT protocol. This process led to the exclusion of
cases that could not be processed by the CADe system.
To ensure consistency, 146 scans originally labeled as con-
taining nodules were reprocessed, while 151 scans initially
reported as nodule-free were confirmed and retained. Cases
with discrepancies between the original and reprocessed
results were excluded due to resource constraints. Addition-
ally, a small number of scans with an outlier-level nodule
count were removed to maintain dataset integrity. Figure 3
illustrates the stepwise inclusion and exclusion process, be-
ginning with all available LSUT scans and resulting in the
final dataset used for analysis.

The scanners used for LSUT were from Canon Medical
Systems, Aquilion series. The majority of scans were per-
formed using the premium Aquilion ONE model. The mean
pixel spacing across all of the scans is 0.677 mm2 (IQR:
0.625-0.723 mm2), ranging from 0.512 mm2 to 0.976 mm2.
The majority of the scans have a slice thickness of 0.800
mm (89%), there are a small number of scans (11%) with
a slice thickness of 0.300 mm.

Nodule annotations. For both datasets, nodule annota-
tions were recorded using the same process. Each LDCT
scan was reviewed by a specialist pulmonary radiologist,
supported by Mevis’TM Veolity CADe software. In addition
to the location of nodules, maximum diameter and type
were also recorded. It is important to note that pulmonary
nodule annotation is subject to considerable inter- and intra-
observer variability, as has been well documented in the
literature Chen et al. (2022). While the use of a CADe
system provides some guardrails and standardization to the
annotation process (Singh et al. (2011)), variability in radi-

Figure 3: Flowchart of LSUT scan selection. Starting from
759 LSUT validation scans, exclusions were applied for
outlier cases, failed Veolity processing, and inconsistencies
between reprocessed and annotated findings. This process
yielded a final dataset of 297 scans, comprising 147 with
confirmed nodules and 151 confirmed nodule-free.

ologist interpretation and nodule classification remains an
inherent challenge in this domain.

Participant overlap. The exclusion criteria for the SUM-
MIT study did not explicitly exclude participants from the
LSUT study, so the potential remains that some LSUT par-
ticipants could have also been part of SUMMIT. However,
due to the anonymization of the data, there is no way to
definitively identify any potential overlap between the two
groups, however unlikely.

2.3 Nodule Detection Algorithms

Three open-source object detection frameworks were se-
lected to assess the impact of model architecture on per-
formance, particularly in the context of fairness in nodule
detection. These frameworks employ different backbone
networks, preprocessing pipelines, and loss functions, and
each one has previously demonstrated state-of-the-art per-
formance on the LUNA16 nodule detection challenge (Setio
et al. (2017)). All models were implemented following
the instructions provided by the authors. GitHub links to
the code are included at the end of each description for
reference.
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Model 1: GRT123 U-Net. Model 1 was the winning
entry in the Kaggle Data Science Bowl 2017 (Liao et al.
(2019)). It is a one-stage object detector that employs a
modified UNet (Ronneberger et al. (2015)) architecture as
its backbone, with approximately 5 million trainable parame-
ters. The preprocessing pipeline includes lung segmentation,
resampling, and intensity clipping within the range of -1200
to 300 Hounsfield Units (HU). The loss functions used for
this model were binary cross-entropy for nodule classifica-
tion and smoothed L1 loss for bounding box regression.
To address the underrepresentation of larger nodules, the
original training strategy included targeted oversampling,
where nodules with diameters between 30 mm and 40 mm
were duplicated to generate twice as many training samples,
while nodules measuring 40 mm or greater were replicated
fourfold. This ensured that each of these nodule categories
contributed proportionally more examples during training.1

Model 2: MONAI RetinaNet. Model 2 is the MONAI
detection algorithm, which employs a RetinaNet (Lin et al.
(2018b)) architecture with approximately 21 million train-
able parameters. It incorporates a feature pyramid network
(Lin et al. (2017)) to facilitate multi-scale detection and
utilizes Focal Loss (Lin et al. (2018a)) to address class
imbalance. The preprocessing pipeline includes resampling
and intensity clipping within the range of -1024 to 300
Hounsfield Units (HU).2.

Model 3: TiCNet Transformer. Model 3 TiCNet (Ma
et al. (2024)), comprises three main parts, a 3D Encoder-
Decoder network, a Transformer Encoder-Decoder module
and a two-head nodule decoder. Key innovations include
incorporating attention blocks into the 3D Encoder-Decoder
to focus on the most important feature channels and the
Transformer module to help in capturing long-range de-
pendencies (all-be-it, within the context of patch-based
training). The two-head nodule decoder integrates a false
positive reduction arm has not be used as part of this
project, this is to ensure fair comparison with the other
two models. The final model had approximately 28 million
trainable parameters.3

All three models use hard-negative mining (HNM) (Bucher
et al. (2016)) and all three models use a patch-based train-
ing method (1283 for GRT123 U-Net and 3, 198 × 198 × 80
for MONAI RetinaNet).

The output from all three models consists of a list of
candidate locations for each scan. Each candidate is defined
by its centroid and diameter, corresponding to the potential
’nodule’ at that location, along with a probability indicating
the likelihood that it is a nodule.
1. https://github.com/lfz/DSB2017/tree/master)
2. https://github.com/Project-MONAI/tutorials/tree/main/

detection
3. https://github.com/MIAinCS/TiCNet/

Model Comparison Summary. For ease of comparison,
we present Table 1, which displays the key characteristics
of all three models side by side. This table summarizes the
preprocessing steps, network architectures, and loss func-
tions for each model, allowing a straightforward comparison
of their main features. All models were implemented as
released, without adaptation.

2.4 Evaluation Metrics

To ensure a clinically meaningful and equitable evaluation
of model performance, we adopt a two-level evaluation
strategy: (1) detection-oriented nodule-level metrics, which
traditionally benchmark the model’s ability to detect and
classify actionable nodules based on established criteria, and
(2) fairness-oriented scan-level metrics, which focus on the
detection of actionable nodules across demographic groups
to assess equality of clinical outcomes. At both levels, we
evaluate performance specifically for actionable nodules, as
these are the nodules that would trigger follow-up actions
in a clinical setting. The nodule-level approach is the
traditional method for evaluating detection accuracy, while
the scan-level metrics provide an additional layer aimed at
ensuring equitable clinical outcomes for all demographic
groups.

Nodule-Level Detection Metrics. The primary perfor-
mance metric aligns with that defined in the LUNA16 chal-
lenge as the Competition Performance Metric (CPM). It
relies on the Free-Response Receiver Operating Characteris-
tic (FROC) curves that measure sensitivity at different levels
of false positive per scan. The CPM is calculated as the
average across 7 fixed operating points of false positives per
scan, namely (1

8 , 1
4 , 1

2 , 1, 2, 4, 8). A nodule is considered
positively detected if the centroid of the predicted nodule
lies within the radius of the annotated nodule centroid.

Since the FROC analysis does not account for the pre-
dicted nodule diameter, an important factor in determining
whether a nodule is actionable, we complement it by also
evaluating mean Average Precision (mAP). The mAP incor-
porates the predicted nodule diameter by using Intersection
over Union (IoU) thresholds of 0.1, 0.3, and 0.5, providing
a more complete assessment of model performance.

For both FROC/CPM and mAP, 95% confidence inter-
vals were computed using bootstrapping with 1000 boot-
straps. For each bootstrap, a new set of candidate locations
are generated by sampling scans with replacement.

As bootstrapping with replacement is used to generate
the FROC and CPM metrics, statistical significance will be
evaluated using a 95% confidence interval for the difference
in CPM between groups. If the confidence interval crosses
zero, this indicates that the difference is not statistically
significant.
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Table 1: Summary of preprocessing, architectures, and training loss functions for each model. All implementations were
used out-of-the-box without adaptation, following their original published or released configurations.

Aspect GRT123 U-Net MONAI RetinaNet TiCNet Transformer
Patch Size 1283 198×198×80 963

Parenchymal segmentation Yes No Yes
Architecture 3D U-Net 3D RetinaNet (FPN) CNN + Transformer
Cls. Loss BCE Focal Weighted BCE
Reg. Loss Smooth L1 Smooth L1 Smooth L1
Other HNM, oversample HNM Attention, HNM

Scan-Level Metrics. Fairness is assessed at the scan
level, where a scan is considered positive if it contains at
least one actionable nodule. A positive prediction for such
a scan is counted as a true positive if any actionable nodule
is detected. Likewise, a scan with no actionable nodules is
considered a true negative if no predictions are made for
that scan.

We report the following metrics across protected groups
to assess fairness:

• True Positive Rate (TPR): The proportion of positive
scans that have at least one correctly detected action-
able nodule. Similar TPRs across groups reflect equal
opportunity.

• False Positive Rate (FPR): The proportion of negative
scans that have at least one false positive prediction. Sim-
ilar FPRs across groups reflect equal burden of erroneous
call.

• Positive Predictive Value (PPV): The proportion of
scans predicted to be positive that are truly positive.

• Prediction Rate (PR): The proportion of all scans that
receive at least one positive prediction.

To calculate these metrics, we evaluate model predic-
tions across a range of decision thresholds. We mirror the
nodule-level analysis, by computing each metric at the 7
fixed false positive rates per scan, then averaging the result
to produce a single summary value. Confidence intervals
[95%] were estimated using 1,000 bootstrap resamples with
replacement at the scan level and are reported as error bars.
As with the nodule-level analysis, statistical significance
was assessed separately by bootstrapping the difference in
means between groups and examining whether the resulting
95% confidence interval crossed zero.

To help interpret the results, we also report the num-
ber of nodules per scan in each demographic group, since
scans with more nodules may be easier to classify correctly
and can influence metric values. Standardised residuals of
the associated chi-square hypothesis testing are derived as
(observed count − expected count)/

√
expected count.

2.5 Model Calibration

To check whether model calibration differs across demo-
graphic groups, we compute the Expected Calibration Error
(ECE) separately for each category within the sex and eth-
nic group attributes. This allows us to determine whether
the model’s confidence scores are well-calibrated for all
categories or if there are systematic differences between
them.

Since this is an object detection task rather than a
classification task, we use Precision as a proxy for Accuracy,
following the approach detailed in Kuppers et al. (2020).
ECE measures the alignment between predicted confidence
scores and actual detection performance. If the calibration
error varies across categories within each protected group,
it may indicate that the model’s confidence estimates are
not equally reliable across different demographic groups.

2.6 Experiments

Our experiments were designed to systematically assess how
various types of imbalance in the training data influence
fairness in algorithm performance. Experiment 1 establishes
a baseline by training on all available data, thereby replicat-
ing the sex and ethnicity distributions typical of real-world
screening datasets. Experiment 2 removes sex as a po-
tential confounder, isolating the impact of ethnic diversity
on performance. Experiment 3 does the reverse, focusing
on a single ethnic group to examine the role of sex bal-
ance in training. Finally, Experiment 4 explores key drivers
of model performance, providing insight into which fac-
tors most strongly influence disparities across demographic
groups.

Experiment 1: Balanced Ethnicity Test Set. The goal
of the first experiment, which utilized all available data,
was to maximize the training dataset while preserving the
original, imbalanced distribution of sex and ethnic groups,
thereby reflecting real-world screening data. To enable
meaningful comparisons, we constructed a test set that
ensured a minimum number of cases per ethnic group,
balancing Asian, Black, and White participants so that con-
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fidence intervals would be sufficiently narrow for statistical
evaluation.4

Experiment 2: Male-Only Dataset. The second experi-
ment, which with the third experiment aimed to mitigate
specific confounding factors, isolated the impact of eth-
nic diversity on algorithmic performance while eliminating
sex as a confounder. Given the under representation of
females in certain ethnic groups, we restricted the training
and testing dataset to male patients, ensuring a test set
balanced for ethnic groups. As in the first experiment, the
training dataset had a similar sample distribution to the
total SUMMIT dataset.5

Experiment 3: White-Only Dataset. Experiment 3 as-
sessed the impact of sex representation in training while
reducing ethnic group, confounding factors, by training
exclusively on a single ethnicity. Sampling objectives re-
mained consistent with the previous experiments, aligning
with underlying sample proportions while ensuring sufficient,
balanced test data. The White ethnic group was selected
to provide an adequate amount of training data.

We validate the findings by comparing the relative per-
formance of each group in the validation dataset (LSUT),
using models trained in experiment 1( Test Balanced). Per-
formance is visualized across sex and ethnic groups. Due
to the low number of non-white ethnic groups in the LSUT
dataset, ethnic categories were collapsed into White and
Other.

Experiment 4. Finally, in the fourth experiment, post-hoc
analysis was carried out, designed to explore factors influenc-
ing nodule detection algorithm performance. Specifically,
it examines the impact of nodule characteristics such as
nodule type and diameter on performance. Nodule diameter
was categorized into five ranges: 0-6mm, 6-8mm, 8-30mm,
30-40mm, and 40+mm, aligning with the SUMMIT nodule
management protocol, which in turn is based on the British
Thoracic Society (BTS) guidelines for the management of
pulmonary nodules (British Thoracic Society (2015)), with
additional categories (30-40mm and 40+mm) included to
address special cases, such as oversampling in GRT123
U-Net. These findings are validated on the LSUT dataset.

4. The available counts were: Asian = 666, Black = 454, White =
4485, Mixed = 128, Other = 206. Mixed and Other were retained
in training but excluded from testing due to insufficient sample
sizes for reliable subgroup analysis.

5. Female-only subgroup analyses were not feasible because the avail-
able counts by ethnicity were highly imbalanced (Asian = 57, Black
= 172, Mixed = 59, Other = 57, White = 1991). Preserving
training sets that reflected the overall SUMMIT distribution while
also constructing balanced test sets would have left only very small
numbers of Asian, Mixed, and Other females, making meaningful
comparisons across groups unreliable. Restricting this experiment
to males ensured sufficient representation of each ethnic group for
consistent evaluation.

A key focus of this analysis is understanding the training
set composition, particularly the prevalence of each nodule
type and the distribution of nodule sizes, and how these
factors influence model performance.

3. Results

The initial sections of the results compare model perfor-
mance across sex and ethnic groups at both the nodule
and scan level. For the nodule-level analysis, we report
sensitivities with 95% confidence intervals at fixed false-
positive rates, alongside mean Average Precision (mAP)
at multiple IoU thresholds. At the scan level, we summa-
rize performance using error-bar plots of key metrics (TPR,
FPR, PPV, PR) with bootstrapped confidence intervals.
To assess disparities, we include plots of group-wise dif-
ferences with 95% confidence intervals. Table 2 provides
the demographic composition of the datasets, and Table 3
summarizes the distribution of nodules across groups, high-
lighting an underrepresentation of Black individuals in the
’2+ nodules’ category. These descriptive patterns provide
important context for interpreting performance differences.

3.1 Experiment 1: Balanced Ethnicity Test Set

Table 4 summarizes the demographic composition of the
balanced ethnicity test set.

Nodule-Level Anlaysis. Nodule-level results are shown in
Figure 4. Across models, male and female CPM scores were
very similar (see Supporting Table S1a), with all confidence
intervals overlapping zero (Figure 5). The largest gap was
observed for GRT123 U-Net, where CPM was 0.41 [95%
CI: 0.32-0.51] for males and 0.46 [95% CI: 0.36-0.57] for
females, but this difference was not statistically significant.

In contrast, ethnic differences were more pronounced:
White participants achieved higher CPM, e.g. 0.49 [95% CI:
0.39-0.60] vs. 0.35 [95% CI: 0.23-0.48] for Asian participants
on the same model, with non-overlapping CIs indicating
significant disparity. Black participants consistently fell
between White and Asian, typically around 0.44-0.45.

The mAP scores (Figure 6) showed slightly different re-
sults between ethnic groups, White participants still demon-
strated the best performance across all models, but Asian
and Black participants were much more closely aligned, with
only slightly overlapping confidence intervals compared to
White participants.

Scan-Level Analysis. At the scan level (Figure 7), sex
differences were negligible. For example, TPR was 0.54
[95% CI: 0.44-0.63] for females vs. 0.52 [95% CI: 0.42-
0.60] for males in GRT123 U-Net, and similar overlaps were
observed across models. The only consistent sex-based
trend was a slightly higher PPV for females, e.g. 0.30 vs.
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Table 2: Sex and Ethnicity proportions in SUMMIT

Group Category SUMMIT Subset Total SUMMIT LSUT Subset Total LSUT
Sex Female 2336 (39.3%) 5508 (42.5%) 123 (41.4%) 336 (44.1%)

Male 3604 (60.7%) 7450 (57.5%) 174 (58.6%) 426 (55.9%)
Ethnic Asian 666 (11.2%) 845 (6.5%) 1 (0.3%) 7 (0.9%)
Group Black 454 (7.6%) 577 (4.5%) 26 (8.8%) 77 (10.1%)

Mixed 128 (2.2%) 283 (2.2%) 5 (1.7%) 8 (1.0%)
Other 206 (3.5%) 451 (3.5%) 12 (4.0%) 31 (4.1%)
White 4486 (75.5%) 10802 (83.4%) 253 (85.2%) 636 (83.5%)

Total 5940 (100%) 12958 (100%) 297 (100%) 759 (100%)

Table 3: Distribution of nodule counts and standardized residuals, across sex and ethnic groups in the SUMMIT cohort.

Group Category 0 Nodules 1 Nodule 2+ Nodules
Sex Female 4230 (−0.26) 840 (−0.31) 440 (1.27)

Male 5760 (0.22) 1157 (0.26) 534 (−1.1)
Ethnic Asian 647 (−0.2) 137 (0.58) 62 (−0.2)
Group Black 466 (1.01) 82 (−0.73) 29 (−2.18)

Mixed 221 (0.19) 42 (−0.24) 20 (−0.27)
Other 365 (0.93) 59 (−1.26) 27 (−1.18)
White 8291 (−0.4) 1677 (0.3) 836 (0.85)

Table 4: Profile of protected groups - Experiment 1: Bal-
anced Ethnicity Test Set

Group Category Training Validation Test
Sex Female 1961 (38.6%) 125 (46.8%) 250 (42.1%)

Male 3118 (61.4%) 142 (53.2%) 344 (57.9%)
Ethnic Asian 443 (8.7%) 25 (9.4%) 198 (33.3%)
Group Black 244 (4.8%) 12 (4.5%) 198 (33.3%)

Mixed 119 (2.3%) 9 (3.4%) 0 (0%)
Other 199 (3.9%) 7 (2.6%) 0 (0%)
White 4074 (80.2%) 214 (80.1%) 198 (33.3%)

Total 5079 (100.0%) 267 (100.0%) 594 (100.0%)

0.23 in GRT123 U-Net, though not statistically significant.
Ethnic group differences were clearer. White partici-

pants achieved higher TPR and PPV, for instance 0.63
[95% CI: 0.53-0.72] and 0.32 [95% CI: 0.24-0.41] vs. 0.42
[95% CI: 0.31-0.53] and 0.23 [95% CI: 0.15-0.32] for Asian
participants. Black participants again showed intermediate
performance, e.g. TPR of 0.49 [95% CI: 0.36-0.62].

Confidence interval analysis confirmed significant dis-
parities for White-Asian comparisons, while Black-White
and Black-Asian contrasts were generally non-significant
(see Supporting Figure S1). Nodule count distributions by
demographic group are given in Supporting Table S1b and
show that White participants have a significantly higher
number of scans with 2+ nodules.

3.2 Experiment 2: Male-Only

The sample composition for Experiment 2 (Male-Only) is
summarized in Table 5.

Nodule-level analysis. As shown in Figure 8, Asian par-
ticipants achieved the highest CPM scores (see Supporting

Figure 4: Experiment 1 (Balanced Ethnicity Test Set), error
bar plots. Sensitivity for 7 fixed false positive per scan rates,
with error bars generated from 1000 bootstraps for each
model across protected groups. Top: comparison across
sex categories, Bottom: across ethnic group categories.

Table S2a), for two of the three models (e.g. 0.46 [95%
CI: 0.31-0.61] for GRT123 U-Net), despite being under-
represented in training, while White individuals showed
similar CPM values (e.g. 0.43 [95% CI: 0.31-0.57]). Black
individuals had consistently lower CPMs (e.g. 0.33 [95% CI:
0.19-0.50]).

Confidence interval overlap (see Supporting Figure S2a)
indicates no statistically significant differences.

Mean Average Precision (mAP) scores (see Supporting
Figure S2b), however, consistently favored White cases (e.g.
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Figure 5: Experiment 1 (Balanced Ethnicity Test Set), Con-
fidence Interval for Difference in CPM (1000 bootstraps).
Sex and ethnic group, category comparisons, across all mod-
els.

Figure 6: Experiment 1 (Balanced Ethnicity Test Set), mAP
scores for IoU thresholds of 0.1, 0.3, and 0.5. Error bars
generated from 1000 bootstraps. Top: comparison across
sex categories, Bottom: across ethnic groups.

0.20 [95% CI: 0.14-0.26] in MONAI RetinaNet) over Asian
and Black participants (both ≈ 0.10).

Scan-level analysis. The scan-level metrics show consis-
tent patterns across all models (Figure 9). While White
participants continue to demonstrate the strongest perfor-
mance on most metrics, Asian participants now achieve
comparable results, particularly in TPR and PR. For ex-
ample, with MONAI RetinaNet, TPR for White and Asian
groups are 0.61 [95% CI: 0.51-0.70] and 0.54 [95% CI:
0.41-0.68], respectively, and PR values are similarly close.
In contrast, Black participants exhibit a noticeable drop

Figure 7: Scan-level performance metrics by sex and ethnic
group for Experiment 1 (Balanced Ethnicity Test Set). Each
subplot shows the mean and 95% confidence interval for
TPR (top left), FPR (top right), PPV (bottom left), and PR
(bottom right), averaged across seven fixed false-positive-
per-scan thresholds. Error bars represent 95% confidence
intervals from 1000 bootstraps.

Table 5: Profile of protected groups - Experiment 2 (Male-
Only)

Ethnic Group Training Validation Test
Asian 98 (6.2%) 11 (10.5%) 140 (33.3%)
Black 71 (4.5%) 4 (3.8%) 140 (33.3%)
Mixed 34 (2.2%) 2 (1.9%) 0 (0%)
White 1317 (83.7%) 84 (80.0%) 140 (33.3%)
Other 53 (3.4%) 4 (3.8%) 0 (0%)
Total 1573 (100.0%) 105 (100.0%) 420 (100.0%)

in performance across all metrics, with MONAI RetinaNet
TPR at 0.46 [95% CI: 0.37-0.55] and PPV at 0.15 [95%
CI: 0.09-0.24]. These trends are consistent across all evalu-
ated models. Notably, the differences in scan-level metrics
between Black participants and other groups are statisti-
cally significant for several metrics, as shown in Supporting
Figure S2c.

Residual analysis (Table 6) suggested a trend toward
more multi-nodule scans in White participants (+1.94)
compared to Asian (-0.51) and Black (-1.43).

Table 6: Distribution of nodule counts per scan and stan-
dardized residuals by ethnic group in Experiment 2 (Male-
Only) test set.

Ethnic Group 0 Nodules 1 Nodule 2+ Nodules
Asian 110 (0.39) 21 (-0.48) 9 (-0.51)
Black 113 (0.68) 21 (-0.48) 6 (-1.43)
White 95 (-1.07) 28 (0.97) 17 (1.94)
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Figure 8: Experiment 2 (Male-Only), error bar plots. Sen-
sitivity for 7 fixed false positive per scan rates, with error
bars generated from 1000 bootstraps for each model across
ethnic groups.

Figure 9: Scan-level performance metrics by ethnic group
for Experiment 2 - (Male-Only). Each subplot shows the
mean and 95% confidence interval for TPR (top left), FPR
(top right), PPV (bottom left), and PR (bottom right), av-
eraged across seven fixed false-positive-per-scan thresholds.
Error bars represent 95% confidence intervals from 1000
bootstraps.

3.3 Experiment 3: White-Only
The breakdown of the sample used for Experiment 3 (White-
Only) is shown in Table 7.

Table 7: Profile of protected groups - Experiment 3 (White-
Only)

Sex Training Validation Test
Female 1494 (44.4%) 98 (43.8%) 399 (50.0%)
Male 1870 (55.6%) 126 (56.2%) 399 (50.0%)
Total 3364 (100.0%) 224 (100.0%) 798 (100.0%)

Nodule-level analysis. The results from training on a
white participants, only sample reveal small and inconsistent

differences in performance between male and female groups
across the models (Figure 10). For example, the CPM (see
Supporting Table S3a) for males was marginally higher than
for females for GRT123 U-Net, but the opposite pattern
was seen for MONAI RetinaNet and TiCNet Transformer.
None of the differences were statistically significant, 95%
CI overlapping zero for all models (see Supporting Figure
S3a).

Figure 10: Experiment 3 (White-Only), error bar plots.
Sensitivity for 7 fixed false positive per scan rates, with
error bars generated from 1000 bootstraps for each model
across sex.

In contrast, the mAP scores (Figure 11) showed slightly
better performance for females across all models and IoU
thresholds, but again confidence intervals overlapped, indi-
cating no significant differences.

Figure 11: Experiment 3 (White-Only), mAP scores for IoU
thresholds of 0.1, 0.3, and 0.5, with error bars generated
from 1000 bootstraps.

Scan-level analysis. Scan-level metrics (Figure 12) showed
fluctuations across models but no consistent advantage for
either sex. For instance, for MONAI RetinaNet, FPR was
0.50 [95% CI: 0.47-0.53] for females vs. 0.52 [95% CI: 0.49-
0.55] for males, and PPV was 0.32 [95% CI: 0.25-0.39] vs.
0.30 [95% CI: 0.24-0.37]. Other models showed similar over-
lapping confidence intervals (see Supporting Figure S3b).
Only GRT123 U-Net indicated a possible male advantage
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in FPR and PR.

Figure 12: Scan-level performance metrics TPR (top-left),
FPR (top-right), PPV (bottom-left) and PR (bottom-right)
across sex for Experiment 3 (White-Only).

Table 8 presents the distribution of the number of nod-
ules per scan across male and female participants in Experi-
ment 3. The table shows no significant deviations from the
expected distribution.

Table 8: Distribution of nodule counts per scan and stan-
dardized residuals by sex in Experiment 3 (White-Only) test
set.

Sex 0 Nodules 1 Nodule 2+ Nodules
Female 259 (-0.52) 89 (0.27) 51 (0.89)
Male 276 (0.52) 84 (-0.27) 39 (-0.89)

3.4 External Validation
Inference on the LSUT dataset was conducted using models
trained on data from Experiment 1 (Balanced Ethnicity
Test Set). This approach was consistent across all three
models, GRT123 U-Net, MONAI RetinaNet, and TiCNet
Transformer.

Nodule-level analysis. The overall CPM performance
(see Supporting Table S4a) for each of the three models
was compared across the SUMMIT and LSUT datasets,
with results shown in Figure 13. Both GRT123 U-Net and
MONAI RetinaNet exhibited moderate improvements on
LSUT: GRT123 U-Net increased slightly from 0.44 [95%
CI: 0.37-0.51] to 0.47 [95% CI: 0.39-0.56], while TiCNet
Transformer improved from 0.44 [95% CI: 0.38-0.51] on
SUMMIT to 0.53 [95% CI: 0.44-0.62] on LSUT, a gain
of 0.09. Notably, MONAI RetinaNet demonstrated the
largest improvement, rising from 0.42 [95% CI: 0.36-0.49]
on SUMMIT to 0.55 [95% CI: 0.46-0.63] on LSUT, a
substantial gain of 0.13. These results suggest that all

models generalised well to external validation, with MONAI
RetinaNet showing the strongest performance on the LSUT
dataset.

Figure 13: Comparison of model performance between the
primary dataset (SUMMIT) and the external validation
dataset (LSUT). Sensitivity for 7 fixed false positive per
scan rates, with error bars generated from 1000 bootstraps.
Inference was conducted using the model trained in Experi-
ment 1 (Balanced Ethnicity Test Set).

Group-specific comparisons (Figure 14) showed patterns
broadly consistent with the SUMMIT analyses between
males and females where the differences in CPM values
were negligible, with confidence intervals centered around
zero (see Supporting Figure S4a).

For ethnicity, the LSUT dataset required collapsing
Asian, Black, Mixed, and Other into one group due to
low sample sizes. Interestingly, this group outperformed
White participants across all models (CPM 0.56-0.72 vs.
0.46-0.52). This contrasts with SUMMIT, where White
participants generally had higher CPM. Confidence intervals
indicated a statistically significant CPM difference between
White and Other groups in LSUT.

For the mAP scores (see Supporting Figure S4b), males
slightly outperform females, but confidence intervals overlap,
indicating no significant difference. For ethnicity, GRT123
U-Net shows higher mAP for White cases, while MONAI
RetinaNet and TiCNet Transformer favour the group com-
prising of Asian, Black, Mixed and Other ethnic groups,
consistent with CPM results; however, all differences lack
statistical significance due to overlapping confidence inter-
vals.

Scan-level analysis. Scan-level metrics (Figures 15-16)
generally showed improved performance on LSUT compared
to SUMMIT. For example, TiCNet Transformer achieved
higher TPR (0.75 vs. 0.55) and PPV (0.48 vs. 0.25).
Differences in PR and FPR were smaller (e.g., GRT123
U-Net PR 0.60 vs. 0.57).

Across sex groups, performance was consistent (e.g.,
TiCNet TPR 0.77 females vs. 0.73 males). Ethnic group
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Figure 14: Error plots, generated from running inference on
external dataset (LSUT), using models trained in Experi-
ment 1 (Balanced Ethnicity Test Set). Sensitivity for 7 fixed
false positive per scan rates, with error bars generated from
1000 bootstraps for each model across protected groups
on the LSUT dataset. The top plot compares sex groups,
while the bottom plot compares ethnicities.

Figure 15: Comparison of scan-level metrics across models
and datasets. Each panel corresponds to one of the three
models evaluated. TPR, FPR, PPV, and PR are averaged
across seven fixed false positive per scan thresholds.

comparisons showed greater variability, with participants in
the combined Asian, Black, Mixed and Other ethnic group
achieving slightly higher TPR and PPV, but confidence
intervals overlapped, suggesting no systematic bias (see
Supporting Figure S4c).

The distribution of nodule counts by sex and ethnicity
in the LSUT subsample (see Supporting Table S4b) shows
standardized residuals within ±2, indicating no significant
deviations from expected values. This suggests balanced
representation of nodule categories across groups.

Figure 16: Scan-level metrics, generated from running infer-
ence on external dataset (LSUT), using models trained in
Experiment 1 (Balanced Ethnicity Test Set). Each metric
is calculated as an average across 7 false positive per scan
rates and the error bars are generated from 1000 bootstraps.
Sex and ethnic group plots are shown per Model

3.5 Model Calibration
The calibration for each model for the data used in Experi-
ment 1 (Balanced Ethnicity Test Set) is presented in Figure
17. The results show that all models are poorly calibrated,
with precision only increasing sharply at high confidence
levels, suggesting that the models tend to be overconfident
in their predictions. However, MONAI RetinaNet demon-
strates significantly better calibration than GRT123 U-Net
or TiCNet Transformer, with an overall ECE of 0.349, com-
pared to 0.580 for GRT123 U-Net and 0.713 for TiCNet
Transformer. Calibration patterns were consistent across
sex and ethnic group.

3.6 Post-Hoc analysis: Drivers of Algorithm Performance
This analysis evaluates the sensitivity of each model based
on nodule characteristics, specifically nodule type and nod-
ule diameter. As shown in Figure 18, sensitivity is plotted
against the number of false positives per scan for consistency.
Additionally, we provide the distribution of nodules with
each characteristic observed during training for reference.

MONAI RetinaNet consistently outperforms GRT123
U-Net and TiCNet Transformer across the three dominant
size categories (0-6mm, 6-8mm, and 8-30mm), which also
make up the majority of the test set. Notably, MONAI Reti-
naNet exhibits a particularly strong advantage in detecting
the smallest nodules (0-6mm), which are also the most
prevalent, contributing significantly to its superior overall
performance. For larger nodules (30-40mm and 40mm+),
MONAI RetinaNet shows slightly reduced detection rates
at the lowest operating points compared to GRT123 U-Net
and TiCNet Transformer, although this has a relatively
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Figure 17: Precision-based calibration plots for three nodule
detection models across different confidence bins. The top
row presents calibration curves stratified by sex while the
bottom row shows calibration by ethnicity (Black, Asian,
White) in the Experiment 1 (Balanced Ethnicity Test Set)
test set.

minor impact on overall performance due to their lower
prevalence.

In the nodule type analysis, all three models show the
highest performance for solid nodules, which are the most
prevalent in both the training and test datasets, and there-
fore drive overall performance. The detection trends for
other nodule types largely reflect their representation in
the training data. However, part-solid nodules, despite be-
ing the least represented type in both datasets, show the
second-best detection performance.

GRT123 U-Net differs from Models 2 and 3 in that it
demonstrates higher performance at the lowest operating
points for all nodule types and diameter categories. How-
ever, the overall performance of GRT123 U-Net is affected
by the fact that, unlike Models 2 and 3, its performance
increases more gradually at higher operating points. As a
result, despite its initial strong detection rates, the shal-
lower increases across operating points ultimately lead to a
lower overall performance compared to the other models,
which show more consistent and steeper improvements as
the operating points increase.

LSUT. Figure 19 illustrates the relative performance of
nodule characteristics for the LSUT dataset. The results mir-
ror those observed with the SUMMIT dataset, with MONAI

RetinaNet demonstrating better overall performance, ex-
celling in the detection of smaller nodules. Specifically,
MONAI RetinaNet shows a stronger performance for the
0-6 mm nodule category, with better performance at the
lower operating points. While GRT123 U-Net and TiC-
Net Transformer perform better at detecting larger nodules,
such as those in the 40+ mm category, particularly at low
false positives per scan, these will have minimal impact on
overall performance due to low numbers in the test dataset.

As with SUMMIT, for all three models, the more com-
mon nodule types seen during training exhibit steady and
consistent performance, with detection rates increasing as
the false positive per scan rate increases. Notably, part-
solid nodules outperform non-solid nodules, even though
part-solid types were less represented in both the training
and test datasets. It is important to note that no actionable
potentially infective nodules were recorded in the LSUT
dataset.

Figures 20 and 21 further compare the composition of
the test datasets across the SUMMIT and LSUT datasets,
displaying the percentage distribution of nodules by type
and diameter, respectively. A Chi-square test confirms a
statistically significant difference in nodule type composition
between the datasets (χ2 = 110.91, P < 1e−19). Addition-
ally, nodule diameter distribution also differs significantly
between the two datasets (χ2 = 30.19, P = 4.47e − 06).

4. Discussion

In this study, we assessed variation in performance across
sex and ethnic groups using three state-of-the-art pul-
monary nodule detection algorithms trained on an unbal-
anced dataset from a large lung cancer screening programme.
Scan-level metrics showed some variation in performance
across the different experiments. White participants, the
majority group within the training data, demonstrated sig-
nificantly better performance than Asian participants in Ex-
periment 1 (Balanced Ethnicity Test Set). However, when
the confounding factor of sex was removed in Experiment
2 (Male-Only), performance became much more balanced,
with no systemic differences observed across groups within
this male-only cohort. It is important to note that we were
not able to extend this analysis to a female-only subgroup,
or to fully factorial combinations of sex and ethnicity, due
to the small sample sizes of minority groups once stratified.
Likewise, Experiment 3 (White-Only) isolates ethnicity ef-
fects only within white participants, and results cannot be
assumed to generalise to other ethnic groups. A more com-
plete intersectional analysis remains an important direction
for future work as larger datasets become available.

Rather than performance being tied to a specific demo-
graphic group, our analysis suggests that scan-level metrics
are, in part, influenced by the distribution of nodule counts
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Figure 18: Sensitivity for each nodule category by size (top row) and nodule type (bottom row) for GRT123 U-Net,
MONAI RetinaNet and TiCNet Transformer at the fixed operating points. Training proportions are indicated in the bar
plot on the right.

per scan. Specifically, groups with a higher proportion of
scans containing multiple nodules tend to exhibit higher
TPR, PPV, and PR, simply because the algorithms have
more opportunities to detect at least one actionable nodule
per scan. Conversely, groups with a higher proportion of
scans with zero nodules are more likely to show decreased
TPR and PPV, and increased PR, driven by false positives.

While these differences appear to stem from sampling
artefacts within the test set, they are nonetheless important.
For example, in the SUMMIT dataset, Black participants
had significantly fewer scans with multiple nodules, which
may adversely impact scan-level metrics and, more impor-
tantly, could have negative, downstream clinical implica-
tions.

At the nodule level, our results indicated no adverse
impact of demographic imbalances on detection ability af-
ter accounting for confounding variables. This was further
supported by evaluation on an external validation dataset,
where the dominant groups in the training set, namely male
and White participants, did not outperform others. In fact,
underrepresented ethnic groups showed higher detection
rates than their White counterparts. Across the results,
some group-wise differences were statistically significant,

and post-hoc analyses provided insights into the contribut-
ing factors behind these variations.

The model architecture plays a critical role not just
in overall accuracy but in the specific types of nodules it
prioritizes for detection. MONAI RetinaNet achieved the
best overall performance, particularly excelling in the detec-
tion of small nodules at low operating points. In contrast,
GRT123 U-Net and TiCNet Transformer performed better
for larger nodules at these same operating points. This dis-
tinction comes from the different model designs. GRT123
U-Net, using over-sampling for nodules sized 30-40mm and
40+mm, was effective at detecting larger nodules at lower
operating points. MONAI RetinaNet, leveraging the scale
robustness of the FPN, was more proficient at detecting
smaller nodules. TiCNet Transformer, with its focus on
attention blocks, excelled in detecting the largest nodules
at low operating points but struggled with smaller ones, as
its attention mechanism focuses on long-range dependen-
cies. Given that larger malignant nodules are associated
with worse outcomes, it is essential for evaluation metrics
to emphasize the detection of larger nodules, especially at
lower operating points.

Model architectures can influence proficiency for de-
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Figure 19: Sensitivity for each nodule category by size (top row) and nodule type (bottom row) for GRT123 U-Net
(left), MONAI RetinaNet (middle) and TiCNet Transformer (right) at the fixed operating points. Training proportions
are indicated in the bar plot on the right.

Figure 20: Proportion of actionable nodule types in the
test datasets for SUMMIT and LSUT. Bars represent the
percentage of each nodule type within their respective test
sets. The SUMMIT test dataset is from Experiment 1.

tecting specific nodule types, our findings suggest that the
primary determinant of performance and fairness is the
composition and quality of the training data. Before opti-
mizing architecture, it is essential to first establish which
nodules and clinical features are most important to detect.
Data-driven approaches that carefully curate training sets,
particularly with attention to nodule subtypes and clinically

Figure 21: Proportion of actionable nodule diameters in
the test datasets for SUMMIT and LSUT. Bars represent
the percentage of each nodule type within their respective
test sets. The SUMMIT test dataset is from Experiment 1.

actionable findings, are likely to yield greater improvements
in both overall accuracy and equitable performance than
relying solely on larger or more complex models.

While these interpretations are consistent with the ob-
served distribution of detected nodule types at different
FPPS rates, they should be regarded as indicative rather
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than definitive. We did not conduct ablation experiments to
isolate the contribution of specific architectural components,
nor did we explicitly control for model capacity, which may
also influence performance. Future work will be required to
systematically disentangle these effects and confirm which
architectural elements most strongly drive differences in
the detection of nodule types and sizes. Explainability and
feature attribution methods, such as SHAP or Grad-CAM,
could provide additional insight into model behaviour by
highlighting which imaging features drive the detection
of specific nodule types or sizes. Such approaches may
complement the current subtype-level analysis and guide
improvements in architecture and training strategies. Nev-
ertheless, the subtype-level analysis presented here provides
useful insight into the strengths and weaknesses of each
model and offers a foundation for such future investigations.

The mAP analysis revealed differences in performance
across models, with GRT123 U-Net and MONAI RetinaNet
experiencing only slight decreases in performance as IoU
(Intersection over Union) increased. In contrast, TiCNet
Transformer saw dramatic drop-offs in performance, indi-
cating that its predicted diameters for nodules did not align
with the true values.

Currently, nodule detection algorithms are optimized for
the FROC curve, which prioritizes overall detection sensi-
tivity but does not differentiate based on nodule severity
or clinical management workflow. This focus may lead to
models being optimized for the wrong objective, potentially
overemphasizing common small, less clinically significant
nodules while neglecting rarer, larger, high-risk ones. These
findings highlight the need to reassess evaluation metrics
and consider alternative measures that better align with clin-
ical decision-making and downstream management plans.

The post-hoc analysis revealed that the prevalence of
dominant nodule types in the training data influenced the
evaluation results. Solid nodules, being the most common,
were more easily detected compared to rarer nodule types.
However, the overall performance did not align perfectly
with the underlying training proportions, as part-solid nod-
ules outperformed non-solid nodules. This discrepancy may
be attributed to shared features between solid and part-solid
nodules. As different types of lung cancer are associated
with specific nodule types, and certain cancers have higher
incidences in specific protected groups, it is crucial that
nodule detection algorithms address the poor performance
on rarer types, such as non-solid nodules.

This analysis has focused on lung cancer screening
populations composed of high-risk individuals, specifically
smokers. However, when considering pulmonary nodule
detection algorithms for populations outside of those with a
smoking history, it is important to recognize the increasing
concern over lung cancer incidence among individuals who
have never smoked, particularly in East Asia. In this region,

lung cancer is the leading cause of cancer-related deaths,
with 53% of cases occurring in never-smokers (Yang (2021)).
These cases often involve part-solid nodules, which, despite
performing adequately in our study due to shared features
with solid nodules, showed significantly lower detection per-
formance compared to solid nodules. As such, applying a
nodule detection algorithm trained on a lung cancer screen-
ing dataset from smokers to a population of never-smokers
may not yield equivalent performance, potentially leading
to poorer patient outcomes. This highlights the need for
developing algorithms that can incorporate our increasingly
granular understanding of individual risk, accounting for
diverse risk factors and nodule characteristics.

This analysis also challenges the one-size-fits-all ap-
proaches in nodule detection algorithms. Further research
into developing algorithms tailored to specific nodule types
and sizes could enhance both their explainability and gener-
alizability.

Our study also highlights the importance of understand-
ing the key drivers of algorithmic performance, emphasizing
the need for algorithms to clearly specify their training
conditions and areas of proficiency and limitation. Further
research and validation are essential to ensure that these
algorithms maintain their effectiveness and fairness when
introduced to new populations and clinical settings.

The limitations of this study primarily stem from the
characteristics and design of the SUMMIT and LSUT datasets,
as well as the performance and annotation practices of the
evaluated models. Both cohorts were sampled exclusively
from the London area, which restricts the generalisability
of findings to other geographical regions, and all SUM-
MIT scans were acquired using a uniform protocol and
scanner type, differing from the variability encountered in
routine clinical practice. The LSUT validation cohort, while
providing valuable external confirmation of overall model
performance, is relatively small and includes limited repre-
sentation of non-white groups, constraining the scope of
subgroup fairness analyses. Annotation strategies further
limit the granularity of analyses, in SUMMIT and LSUT,
radiologists prioritized identifying actionable nodules for
clinical management rather than exhaustively cataloguing
all benign findings. This real-world workflow contrasts
with benchmarking datasets such as LUNA16, where com-
prehensive annotation allows more detailed subtype-level
evaluation.

While the models and datasets used in this study are not
identical to those deployed in commercial CADe systems,
the findings provide valuable insights for understanding
model behaviour in real-world screening scenarios. Our
results indicate that, within the constraints of currently
available training data, unbalanced demographic distribu-
tions do not necessarily lead to systematic disparities in
nodule detection. Instead, performance is largely driven by
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the composition of the training dataset and the distribution
of nodule types. This highlights the importance of carefully
curated, modern benchmarking datasets, ideally annotated
down to nodule subtype, for both commercial evaluation
and regulatory assessment. Such datasets can help identify
gaps in algorithm performance, support fairness evaluations,
and guide improvements before deployment. While our
study does not establish regulatory standards, it illustrates
how a structured evaluation framework combining demo-
graphic and subtype-level analyses can be applied to ensure
robust, equitable, and clinically meaningful performance of
pulmonary nodule detection algorithms.

The evaluated models also demonstrated lower overall
CPM compared to top-performing LUNA16 entries, which
increases the risk of both false-positive and false-negative
conclusions in fairness analyses. Contributing factors in-
clude differences in reference standards (e.g., qualifying
diameters), broader case heterogeneity in real-world co-
horts, and the absence of comprehensive benign-nodule an-
notation in clinically focused datasets. Many high-ranking
LUNA16 models are not reproducible due to unavailable
code, whereas the architectures used here are openly avail-
able and representative of current practice. Taken together,
these factors highlight that performance and fairness conclu-
sions are constrained by dataset composition, demographic
representation, nodule subtype distribution and baseline
algorithmic performance.

Future studies could overcome these limitations by in-
corporating datasets with diverse scanning protocols and
broader geographical representation, increasing variability
in both imaging conditions and demographics. Extend-
ing the scope of nodule detection algorithms would also
provide more insight into how design choices impact perfor-
mance across different nodule types and sizes. Furthermore,
enhancing annotation completeness, by focusing on ac-
tionable and benign nodules, would enable more robust
fairness and subtype-level analyses. Finally, refining evalua-
tion metrics to better reflect clinical impact would ensure
that algorithm performance assessments are meaningful for
real-world screening scenarios.

This study also revealed that across all studied models,
calibration was inadequate, with the models being generally
over-confident, a finding that was consistent across studied
sub-groups. To be able to meaningfully use the output
probabilities in a clinical workflow, efforts should be exerted
first to understand the causes of such poor calibration,
alleviate it through recalibration methods or changes in
model architecture and assess generalisability of the solution
in multiple populations.

Our findings fit within a growing body of work on fair-
ness in pulmonary nodule detection. Studies have shown
that algorithm performance can vary across demographic
groups and nodule characteristics, often reflecting biases in

training data (Sourlos et al. (2022)). Ensuring equitable
performance requires diverse, well-annotated datasets and
validation across populations (Jia et al. (2025)). Public re-
sources such as LUNA16 and fine-grained pulmonary lesion
datasets are critical for benchmarking and model devel-
opment, though gaps remain, particularly in longitudinal
imaging and tracking tumor evolution (Mei et al. (2021)).
Together, these works emphasize the need for demographic-
aware evaluation and careful dataset design to mitigate bias
and improve fairness in AI-based nodule detection.

In conclusion, our analysis demonstrates reassuring re-
sults regarding the overall fairness of existing nodule de-
tection algorithms. However, it also underscores the need
for continued efforts to ensure sustained performance not
only across diverse demographic populations but also nod-
ule types. It challenges the one-size-fits-all approaches in
nodule detection algorithms and promotes the need for
the development of solutions tailored to discrete nodule
characteristics.
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