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Abstract. Lung cancer is the leading cause of cancer mortality world-
wide. Asymptomatic in its early stages, it is disproportionately detected
when the disease is advanced. Resource constraints have resulted in in-
creasing reliance on computer-aided detection (CADe) systems to assist
with scan evaluation. The datasets used to train these algorithms are
often unbalanced in their representation of protected groups e.g. sex and
ethnicity. This project investigates whether there are performance dis-
parities in detecting clinically relevant nodules across under-represented
groups in selected, state-of-the-art nodule detection algorithms trained
on data from a screening program in the UK.

Our analysis revealed that overall, the algorithms demonstrate equitable
performance across various demographic groups. However, their perfor-
mance varies strongly across nodule characteristics (size and type) in line
with their prevalence in the training set. To ensure continued equitable
performance, algorithms should not only consider demographic but also
nodule attributes representativeness in their training.

Keywords: Nodule Detection Algorithms - Fairness in AI - Lung Cancer
Screening.

1 Introduction

1.1 Background

Lung cancer is responsible for 20% of all cancer deaths, the largest number of
cancer deaths worldwide [1]. The main reason for this is that lung cancer is often
asymptomatic during the early stages. When it becomes symptomatic, the dis-
ease has invariably spread, preventing curative treatment and reducing survival.
However, when lung cancer is detected in its early stages, effective treatments are
increasingly emerging, improving survival rates. Five-year survival rates range
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between 10% and 36% for patients diagnosed at stages III and IV, but approach
53% to 92% in patients diagnosed at stages I and II [1].

A series of Randomized Control Trials (RCTs) [2, 3] have demonstrated the
effectiveness of using Low Dose Computed Tomography (LDCT) to identify lung
cancer in high-risk populations, resulting in 20 to 24% reductions in lung cancer
mortality. The main goal of an LDCT scan is to identify lung nodules. Lung
nodules consist of a collection of cells, which together form a lesion large enough
to be visualised at the spatial resolution of a LDCT scan. Some nodules may
represent the early stages of a lung cancer. Accordingly, the most important
task when assessing nodules on LDCT is to confidently detect nodules that are
likely to harbour a cancer. These nodules require more detailed clinical inves-
tigation and are often termed actionable nodules. Detecting actionable nodules
is a complex task as the majority of lung nodules are benign and do not need
further clinical work-up. Similarly, many structures in the lung may mimic the
appearance of nodules. The Fleischner Society has introduced terminology to
standardize the descriptions and reporting of lung nodules [4], and also provides
guidelines for follow-up and management of these nodules.

Alongside the previously described trials, numerous studies have been car-
ried out to refine the lung screening process and assess the economic impact
of implementing a screening program. As a result, the UK National Screening
Committee has recommended targeted screening throughout all four UK na-
tions, with plans for a complete roll out by 2029. This will result in a significant
increase in demand for LDCT scans reporting. There is an existing shortage of
qualified radiologists to carry out this work, with a projected shortfall of 39% by
2026 [5]. The pressures on radiological resources are likely to result in reporting
delays and an overworked workforce, which will impact patient care, standards
of practice and patient outcomes.

Artificial intelligence and machine learning (AI/ML) are being considered as
a potential solution to these workforce challenges. Deep learning (DL), a subset
of AI, has been at the forefront of the most significant developments in health-
care research in recent years. DL models have been successfully introduced into
several healthcare settings such as a computer-aided detection (CADe) systems
[6-8], drug discovery [9] and robotic surgery [10].

Multiple studies have demonstrated challenges related to the generalizability
and bias in the development of DL models [11-13]. This includes the potential for
bias in various medical imaging tasks, such as classification and segmentation,
which are widely used used across different medical domains and diseases [14—
16]. In the field of lung nodule detection, several commercial products have been
licensed to act as second readers for lung cancer screening, assisting radiologists
in interpreting lung nodules on LDCT scans. However, the specifics of the design
and training of these commercial AI models are not publicly shared in order to
protect intellectual property. These algorithms are likely to have been trained
on publicly available nodule datasets. However, these datasets, including those
from the aformentioned RCTs, have been shown to lack diversity (for example,
the NELSON trial had a five to one male to female ratio).
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The publicly available datasets utilized for developing nodule detection al-
gorithms often consist of LDCT scans that are over a decade, and occasionally
two decades old. These datasets may exhibit inconsistencies, particularly in the
annotation of nodule types and sizes which encompass both actionable and non-
actionable nodules.

There are three main aims of this project, first to understand whether there is
any variation in performance across protected groups in current nodule detection
algorithms. Secondly, if there are discrepancies, does this result from training
with unbalanced datasets. Thirdly, can we determine what the main drivers of
performance are within nodule detection algorithms.

2 Methods and Materials

2.1 Study Design

This study employed a comparative analysis approach to evaluate performance
variation in nodule detection algorithms across sex and ethnic group. Two state-
of-the-art nodule detection algorithms were chosen for assessment based on avail-
ability, diversity in architecture and performance. The evaluation was conducted
using a dataset drawn from the SUMMIT study, one of Europe’s largest lung
cancer screening programs.

2.2 Dataset Description

The SUMMIT cohort is a London based lung screening study involving high-
risk participants invited from primary care. Participants were risk assessed, and
qualifying participants were consented to undergo an LDCT scan and provide
indication of sex and ethnic group. For this analysis, a subset of 5,290 baseline
LDCT scans was utilized. These scans, which were the ones available at the
start of the project, were randomly selected and closely mirror the demographic
composition of the overall SUMMIT cohort. The SUMMIT cohort itself exhibits
an imbalance, with men slightly outnumbering women and the "White’ ethnic
group significantly outnumbering all other ethnicity’s in the sample. Addition-
ally, a substantial sex imbalance was observed within ’Asian or Asian British’
and ’Black’ ethnic groups, with males greatly outnumbering females.

Each LDCT was reported by a specialist pulmonary radiologist, supported
by the Mevis'™ Veolity CADe software [6]. In addition to the location of the
nodule, other characteristics including maximum diameter and type (solid, part-
solid, non-solid, consolidation) were recorded.

2.3 Nodule Detection Algorithms

Two object detection open-source frameworks with different backbones and pre-
processing and having demonstrated state-of-the-art performance on the LUNA16
[17] nodule detection challenge were considered to assess the impact of model
architecture on the study findings.
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Model 1 is the winning entry in the Kaggle Data Science Bowl 2017 [18].
This model consists of a one-stage object detector utilising a modified UNet [19]
architecture as backbone with approximately 5 million trainable parameters.
The pre-processing include a lung segmentation step, resampling and intensity
clipping (-1200 to 300 Hounsfield Units (HU)). Following the original training
strategy used to develop this algorithm, nodules with a diameter greater than
30 mm were oversampled during training

Model 2 is the MONALI detection algorithm which utilizes a RetinaNet [20]
with approximately 21 million trainable parameters. This uses a feature pyramid
network [21] to enable detection at different scales and a Focal Loss [22] to deal
with class imbalance. Pre-processing includes a resampling and a clipping step
(-1024 to 300 HU).

Both models use hard-negative mining [23]| and a patch-based training method
(1282 and 198x198x80 for Model 1 and 2 respectively).

2.4 Evaluation Metrics

Given their implication for patient management, evaluation focused on detec-
tion performance for actionable nodules, i.e nodules for which specific follow-up
is required. Performance was assessed using the Free-Response Receiver Operat-
ing Characteristic (FROC) curves, which measures sensitivity over 7 fixed false
positives per scan operating points (%, i, %, 1, 2, 4, 8) and and a Competition
Performance Metric (CPM), which is the average sensitivity over these operating
points. Bootstrap (1000 samples) was used to obtain confidence intervals.

2.5 Experiments

Experiments were conducted to evaluate the impact of training set imbalance
as observed in the make-up of the screening cohort on selected nodule detection
algorithms with a focus on differences across sex and ethnic group. For compar-
ative purposes and across all experiments, all test groups were balanced and the
training set was built to mimic the distribution of the screening sample. Due to
their low number and their heterogeneity, "Other" and "Mixed" ethnic groups
were only considered in the training set. Experiments can be described as follows

— Experiment 1 - Maximisation of training set size given minimum test set
ethnic group size.

— Experiment 2 Isolation of the impact of ethnic group on performance with-
out confounding for sex by training and testing on male samples only.

— Experiment 3 Isolation of the impact of sex imbalance on performance
without confounding for ethnicity by training and testing on white only.

— Experiment 4 Comparison of performance across nodule types and sizes
to understand drivers of performance using settings of Experiment 1.

Table 1 shows the composition of experiments 1-3. The proportions of sex
and ethnic group for the whole SUMMIT sample are shown in the end column.
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Table 1: Profile of protected groups for Training, Validation and Test datasets
used for each experiment

Protected Group|Category Experiment 1 Experiment 2 - Male only Experiment 3 - White only SUMMIT
Training _ Validation Tost Training__ Validation Test] Traiming__ Validation Test Total

Sex Female TO61 (38.6%) 125 (46.8%) 250 (42.1%) 0 (0%) 0 (0%) 0 (0%)| 149 (44.4%) 98 (43.8%) 309 (50.0%)| 5508 (42.5%)
Male 3118 (61.4%) 142 2%) 344 (57.9%)|1573 (100.0%) 105 (100.0%) 420 (100.0%)| 1870 (55.6%) 126 (56.2%) 399 (90 0%)| 7450 (57.5%)

Ethnic Group  |Asian or Asian British| 443 (8.7%) 25 (9.4%) 198 (33.3%)| 98 (6.2%) 11 (10.5%) 140 (33.3%) 0 (0%) 0 (0%) 0(0%)| 845 (6.5%)
Black 244 (4.8%) 1z (4.5%) 198 (33.3%)| 71 (45%) 4 (3.8%) 140 (33.3%) 0 (0%) 0 (0%) 0(0%)| 577 (4.5%)

Mixed 119 (23%) 9 (3.4%) 0 (om 34 (22%) 2 (1.9%) 0 (0%) 0 (0%) 0 (0%) 0(0%)| 283 (2.2%)

Other ethnic groups | 199 (3.9%) 7 (2.6%) (0%)| 53 (34%) 4 (3.8%) 0 (0%) 0 (0%) 0 (0%) 0(0%)| 451 (3.5%)

White 4074 (80.2%) 214 (80.1%) 198 m 3%)| 1317 (83.7%) 84 (80.0%) 140 (33.3%)|3364 (100.0%) 224 (100.0%) 798 (100.0%)|10802 (83.4%)

Total 5079 267 594 1573 105 120 3364 224 798 12958]

3 Results

Results for experiments 1-3 are presented as bar plots of the mean sensitivity
and 95% confidence interval at the seven fixed operating points across protected
groups for each model.

3.1 Experiment 1: Test dataset with balanced ethnic groups

The results for Experiment 1 are shown in Fig. 1. The first row (Fig. la and
Fig. 1b) presents the outcomes from Model 1. The plots suggest similar perfor-
mance between male and female participants, although female participants show

a higher CPM of 0.46 (95% CI 0.38-0.55) compared to 0.38 (95% CI 0.30-0.46)
in male participants.
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Fig.1: Sensitivity bar plots (mean 95% CI) across sex (top row) and ethnic
groups (bottom row) for the two models trained on SUMMIT dataset.

When comparing ethnic groups in Model 1, "White’ participants exhibit a
higher CPM of 0.52 (95% CT 0.43-0.61) compared to ’Asian or Asian British’
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and 'Black’ participants, who show CPMs of 0.36 (95% CI 0.27-0.47) and 0.36
(95% CI 0.28-0.46) respectively.

The results from Model 2, depicted in the second row (Fig. 1c and Fig. 1d),
generally indicate better performance across all categories compared to Model 1.
A similar pattern is observed where females in Model 2 having a higher CPM of
0.57 (95% CI 0.49-0.66) compared to males, who show a CPM of 0.49 (95% CI
0.41-0.58). Additionally, "White’ participants in Model 2 achieve a CPM of 0.60
(95% CI 0.50-0.69), which is better than ’Asian or Asian British’ participants
with a CPM of 0.47 (95% CI 0.36-0.59) and 'Black’ participants with a CPM of
0.52 (95% CT 0.42-0.64).

3.2 Experiment 2: Male Only

Fig. 2 shows the results for each ethnic group when trained on a male-only sam-
ple. For both Model 1 and Model 2, performance across ethnic groups exhibits
minimal variation. In Model 1, the CPM varies across different ethnic groups:
White participants exhibit a Mean Sensitivity of 0.43 (95% CI 0.33-0.54), ’Asian
or Asian British’ participants show a Mean Sensitivity of 0.48 (95% CT 0.35-0.62),
and 'Black’ participants demonstrate a Mean Sensitivity of 0.41 (95% CI 0.26-
0.578). For Model 2, the CPMs are as follows: White participants have a Mean
Sensitivity of 0.53 (95% CI 0.42-0.653), ’Asian or Asian British’ participants
show a Mean Sensitivity of 0.58 (95% CI 0.45-0.719), and 'Black’ participants
exhibit a Mean Sensitivity of 0.49 (95% CI 0.37-0.627). It should be noted that
the mean sensitivity shifts between these groups across various operating points
for both models and interestingly, the *Asian or Asian British’ participants, who
are under-represented in the sample perform marginally better for both models.
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Fig. 2: Sensitivity bar plots (mean 95% CI) across ethnic groups at fixed oper-
ating points for models trained on a male-only sub-sample.

3.3 Experiment 3: White Only

The results for Experiment 3, as shown in Fig. 3, indicate that contrary to Ex-
periment 1, where females had a higher CPM, when trained exclusively on white



Title Suppressed Due to Excessive Length 7

participants there are only very small differences in CPM. Model 1 shows that
male participants have a CPM of 0.44 (95% CI 0.38-0.509), while female partic-
ipants exhibit a CPM of 0.44 (95% CI 0.37-0.51). For Model 2 in Experiment
3, male participants demonstrate a CPM of 0.49 (95% CI 0.42-0.557), whereas
female participants show a Mean Sensitivity of 0.51 (95% CI 0.45-0.574).
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Fig. 3: Sensitivity bar plots (mean 95% CI) across sex at fixed operating points
for models trained on White participants only

3.4 Experiment 4:

The performance across each nodule size and type at the different operating
points for the two models trained on data from Experiment 1 is presented in Fig.
4. Regarding the diameter plots, the contrasting algorithm designs are appar-
ent: Model 1, employing over-sampling for nodules sized 30-40mm and 40+mm,
detects larger nodules at lower operating points. In contrast, Model 2 detects a
greater proportion of smaller nodules at lower operating points, possibly benefit-
ing from the scale robustness provided by the FPN. Regarding the nodule types,
Model 1 shows earlier detection of part-solid nodule types compared to Model
2. Both models demonstrate similarly higher performance in detecting the most
frequently found nodules in the training dataset (solid nodules) and lower per-
formance in detecting less common nodules (non-solid and consolidation types)

4 Discussion

In this study, the variation in performance across sex and ethnic groups was
evaluated in two state-of-the-art pulmonary nodule detection algorithms trained
on an unbalanced dataset drawn from a large screening program. There was
no indication of adverse impact of unbalanced demographic representation on
nodule detection performance when addressing confounding factors.

When the prevalence of different nodule types were evaluated in the training
dataset marked differences in actionable nodule detection were uncovered. The
most common nodule subtypes were generally better detected than their rarer
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Fig.4: Sensitivity for each nodule category by size (top row) and nodule type
(bottom row) for Model 1 (left) and Model 2 (right) at the fixed operating points.
Training proportions are indicated in the bar plot on the right.

counterparts. The one exception to this was for part-solid nodules. Though a
rare nodule subtype, algorithm performance for detecting part-solid nodules was
notably high, potentially due to shared features in a part-solid nodule with the
much more commonly found solid nodule. As nodule type prevalence varies across
different lung cancer screening populations, there may be a class imbalance in
training datasets fed to an AI algorithm. These algorithms may then perform
poorly when detecting certain important nodule subtypes. It is therefore essen-
tial to design robust training strategies that take account of and cohort enrich
training datasets for the various important and potentially under-represented
nodule classes. Such strategies should prevent potential cancer being missed by
an Al algorithm. Model design appeared to be an influential factor determining
algorithm performance with respect to the size of the nodules. Such findings also
underline the need to carefully reconsider the clinical relevance of the evaluation
metrics used for comparison. In practice, detection at low operating points for
nodules with a size above 8mm may be a more appropriate focus of attention.

This study is limited in its generalizability by the implications of the screen-
ing setting limited to a single scanner type with a consistent protocol that is
not representative of clinical setting. Future research should expand the under-
standing of performance difference across nodule characteristics (e.g location),
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extend to not screened populations (e.g non-smokers) and elaborate on metrics
more suitable for clinical application (e.g focus on low operating points).

In conclusion, our analysis demonstrates reassuring results regarding the
overall fairness of existing nodule detection algorithms. However, it also under-
scores the need for continued efforts to ensure sustained performance not only
across diverse demographic populations but also nodule subtypes presentations.
It challenges the one-size-fits-all approaches in nodule detection algorithms and
promotes the need for the development of solutions tailored to nodule charac-
teristics.

Disclosure of Interests. The authors declare that they have no known competing
financial interests or personal relationships that could have appeared to influence the
work reported in this paper.
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