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« Training datasets are frequently unbalanced with regards to protected
groups, such as sex and ethnic group.
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Introduction Results
- Low-Dose Computed Tomography (LDCT) plays a vital role in reducing Exp. 1: Train. (85%), Valid. (5%), Test. (10%). Training data mirrors underlying SUMMIT sample.
lung cancer mortality in lung cancer screening. y L
« The goal of LDCT scanning is to detect clinically significant nodules. b Male Model 1 b Male Model 2 H
. Radiologists use CADe systems to improve reporting efficiency. 0g| | Female H og| | Female } H
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Full LDCT scan slice (left) alongside an enlarged nodule (right). The aim of 0.2- } H H 02| | {
L DCT is toidentify nodules, enabling early intervention in lung cancer. H +
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=0) ) o _ Sensitivity bar plots (mean 95% CI) across sex (top row) and ethnic groups (bottom row)
« Investigate performance variations across protected groups in hodule
detection algorithms. Exp. 2: Training on Male only (ethnic group profile mirrors underlying SUMMIT sample).
« Determine if any performance variation is a consequence of training Lo Lo
with unbalanced datasets. % Alsiarlz or Asian British Model 1 % AlsiaE or Asian British Model 2 H
B + B
« Identity key factors driving algorithmic performance in detecting 81 3 W:icte - i ] } 081 3 Wiicte } m ]
clinically significant lung nodules. Zoe } ] ! S0 | l H
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« Design: Comparative analysis in sex & ethnic group. 2] } %] l t
- Dataset: | | | | | ol | | | | |
o 5,290 CT scans from lung cancer screening study (SUMMIT[I]). e o 0.FSaIse Positi\}es Per Scarf ’ i e o 0.F5alse Positi\ies Per Scarf ’ i
o Unequal representation of sex and ethnic groups. Sensitivity bar plots (mean 95% CI) across ethnic groups trained on a Male only sub-sample
+ Algorithms: Two models (SOTA performance on LUNALB[ 2]); varied Exp. 3: Training on White only (sex profile mirrors underlying SUMMIT sample)
architecture/training regimes.
1.0 1.0
o M | 1: Wining entry Kaggle Data Science Bowl 2017 3.
ode ining entry Kagg | W [3] EoMale Model 1 § Male Model 2 i
- Model 2: MONATI Detection[4] ve| | Female i ool | Female ; !
« Metrics: Competition Performance Metric (CPM, average sensitivity at R H R { }
7 fixed operating points) for clinically relevant nodules. CI from 1000 E " H E " } }
bootstraps. § 0.4 H 3% 0.4 H }
« Experiments: H H H
- Experiment 1: All data (Test data, balanced by ethnic group). > w > H
o Experiment 2: Remove confounding factors for sex. | | | | | | | 00— | | | | | |
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o EXperiment 3: Remove confounding factors for ethnic group. False Positives Per Scan False Positives Per Scan

- Experiment 4: Comparison across nodule types and sizes. Sensitivity bar plots (mean 95% CI) across sex trained on White participants only

Exp. 4: Performance by Nodule Characteristics. Data as per Exp. 1.

Analysis Model 1 Model 2
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Exp. 1: Training on all data; Testing with balanced ethnic groups. ] e
« *Both models: Female CPM (0.46 & 0.57) > Male CPM (0.38 & 0.49). o s *| g

« *Both models: White CPM (0.52 & 0.60) > Asian or Asian British CPM
(0.36 & 0.47) and Black CPM (0.36 & 0.52).
Exp. 2: Training on Male only; Testing with balanced ethnic groups.
« *Both models: Asian or Asian British CPM (0.48 & 0.58) > White CPM

0.6 1

Count

1000 4

Sensitivity

0.4

Nodule Size

500

0.0

(0.43 & 0.53) and Black CPM (0.36 & 0.52).
Exp. 3: Training on White only; Testing with balanced sex. g
‘r ¥ 12501
. *Model 1: Male CPM = Female CPM (0.44). g £
m % 0 1000
. *Model 2: Female CPM (0.51) > Male CPM (0.49). 2 5o
'U 500 A
*Despite performance differences, CI overlaps between groups. 2 -
Experiment 4: Performance by Nodule Characteristics. ’ L
« Model 1: La rger nodules excel at lower false positive rates. | False Positives Per Scan False Positives Per Scan Total # of Category in Training Data
« Model 2: Smaller nodules excel at all false positive rates. Sensitivity for each nodule category by size (top row) and nodule type (bottom row).
« Both models: Most prevalent nodule sub-types, best performing. Training proportions are indicated in the bar plot on the right.
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