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Objective We developed a universal lesion detector (ULDor) which showed good performance in in-lab
experiments. The study aims to evaluate the performance and its ability to generalize in clinical setting via both
external and internal validation.

Methods The ULDor system consists of a convolutional neural network (CNN) trained on around 80K lesion
annotations from about 12K CT studies in the DeepLesion dataset and 5 other public organ-specific datasets.
During the validation process, the test sets include two parts: the external validation dataset which was comprised
of 164 sets of non-contrasted chest and upper abdomen CT scans from a comprehensive hospital, and the
internal validation dataset which was comprised of 187 sets of low-dose helical CT scans from the National Lung
Screening Trial (NLST). We ran the model on the two test sets to output lesion detection. Three board-certified
radiologists read the CT scans and verified the detection results of ULDor. We used positive predictive value
(PPV) and sensitivity to evaluate the performance of the model in detecting space-occupying lesions at all
extra-pulmonary organs visualized on CT images, including liver, kidney, pancreas, adrenal, spleen, esophagus,
thyroid, lymph nodes, body wall, thoracic spine, etc.

Results In the external validation, the lesion-level PPV and sensitivity of the model were 57.9% and 67.0%,
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respectively. On average, the model detected 2.1 findings per set, and among them, 0.9 were false positives.

ULDor worked well for detecting liver lesions, with a PPV of 78.9% and a sensitivity of 92.7%, followed by kidney,
with a PPV of 70.0% and a sensitivity of 58.3%. In internal validation with NLST test set, ULDor obtained a PPV of

75.3% and a sensitivity of 52.0% despite the relatively high noise level of soft tissue on images.

Conclusions The performance tests of ULDor with the external real-world data have shown its high

effectiveness in multiple-purposed detection for lesions in certain organs. With further optimisation and iterative

upgrades, ULDor may be well suited for extensive application to external data.

HEN IBM purchased Merge Health-

care, a company possessing a large

data set of radiological images with

the associated reports, Al stepped into
medical imaging.!"! Since then, various Al algorithms
in different fields have surprisingly sprung up. There
are algorithms developed to perform different tasks
as detection, prediction, segmentation. For example,
algorithms were reported being capable of detecting
universal trauma on pelvic radiographs, predicting
genetic variations in low-grade gliomas,”! detecting
multiple clinically important pathologies with chest
radiographs, * segmenting and quantifying the trau-
matic brain injury lesions on head CT,!™ identifying
mammographic masses,!”’ and detecting pancreatic
cancer or cystic lesions,™® etc.

Deep learning offers considerable promise for
medical imaging diagnosis. However, the current exist-
ing lesion detection productions mostly focus on spe-
cific type of lesions and organs.® ® In clinical circum-
stances, different type of lesions in visualized organs
are often found in a single patient, and radiologists are
required to report all the lesions, especially those with
clinical significance.

Since DeeplLesion!®! dataset was released in
2018, scientists have started to work to develop
automated universal lesion detection algorithm. It
is designed to assess all the organs and detect all
abnormalities present on CT images to perform fully
automated image interpretation. Based on convolu-
tional neural network (CNN), we developed a universal
lesion detector (ULDor) to help radiologists find all
potential lesions within one unified computing frame-
work™! and trained it on six public lesion datasets
including Deeplesion dataset. The model has shown
good performance in previous internal validation,*"
but the generalization needs external validation. The
study aims to evaluate the model’s ability to generalize
with unseen data. If the model performs as well in the
test samples as in the training samples, it is likely to

be applied in clinical practice in future.
MATERIALS AND METHODS

Algorithm development

The universal lesion detection framework we proposed
is a computer-aided diagnosis (CAD) system based on
deep learning. It consists of a detection network and
a 3D convolutional neural network (CNN) classifier for
false positive reduction. The detection network is de-
veloped from CNNs, blending feature pyramid module
and 3D feature fusion mechanism to improve the accu-
racy of detecting subtle lesions.

First, we trained the network on the DeeplLesion
dataset, which contains over 32,000 lesions on various
body parts in CT scans, including lung nodules, liver
lesions, enlarged lymph nodes, kidney lesions, bone
lesions, etc. It is large-scale but partially-labeled, pro-
duced by mining hospital archives. However, the mined
clinical annotations are incomplete with many lesions
unlabeled, which subsequently degrades the accura-
cy of the trained detector. For this reason, we added
other 5 datasets to tackle this problem and proposed
three strategies to harvest/complete these missing an-
notations. They are 3D annotation completion strategy,
intra-patient lesion matching strategy, and cross-data-
set knowledge transfer strategy.!*’’ The 5 organ-spe-
cific datasets we used are small-scale but full-labeled
public single-type lesion datasets, i.e., LUNA (LUng
Nodule Analysis),!*® LiTS (Liver Tumor Segmentation
Benchmark),™® NIH-LN (NIH Lymph Node),"”! Decath-
lon-lung,™® and Decathlon-Hepatic Vessel,!®! respec-
tively.

The proposed detection framework is exhibited in
Figure 1. Given an image, the algorithm can predict
several groups of lesion proposals that respectively
match the semantics of each dataset, and these pro-
posals are complementary. By filtering the overlapped
parts and fusing the remaining, the model gener-
ates the joint lesion proposals decision, like human
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generalists and specialists cooperate to combine their
knowledge and get a final diagnosis.

The external and internal validation datasets

We retrospectively selected 188 consecutive plain chest
and upper abdomen CT scans from both in-patients
and outpatients of Beijing United Family Hospital (UFH)
between February 8th and March 31st in 2021. All the
CT scans were retrieved from the hospital’s Picture Ar-
chiving and Communication System regardless of the
disease. Each CT scan is composed of hundreds of thin
axial images. This test set has never been seen by the
model, serving as the external validation dataset of this
study. The data collection had been approved by the
ethic review committee of the UFH.

The internal validation dataset consists of 216 low-
dose helical CT scans from the National Lung Screening
Trial (NLST) of the US, which is publicly available from
the Cancer Data Access System of NIH.!**! It consists of
randomly selected patients with reported cancer or me-
tastasis, from which we have chosen 36 separate scans
to fine tune the model to reduce common false positives
(FPs) before internal validation.

Radiologists browsed through all the CT images of
both external and internal validation datasets, marked
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images with poor quality (great noise or incomplete
images) for exclusion. Consequently, 164 plain chest
and upper abdomen CT scans from UFH and 187 low-
dose helical CT scans from NLST formed the final test
sets.

Implementation of the universal lesion detection
model

We ran the ULDor on these test sets to output lesion
detection. All types of mass-like abnormalities in liver,
kidney, pancreas, thyroid, lymph nodes, body wall,
thoracic spine (T-spine) and other organs were sup-
posed to be detected. We did not consider lung lesions
in this study because they have been extensively stud-
ied with other single-organ lesion detection algorithms.
The ULDor recorded the following indices for each ab-
normal lesion: location, size, CT value, and confidence
score. The model produced a confidence score for each
lesion along with its diameter and the organ name.
Confidence score is the average score of the detec-
tion and classification networks. We kept findings with
score > 0.6 and removed low-confidence ones. The
score setting was based on experience of our scientists
who developed the algorithm. As Lymph node analysis
is of crucial importance for patients, especially cance
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The anchor-free proposal (AFP) network and the 3D false positive reduction (FPR) network. AFP works as the backbone to
generate initial proposals. FPR further classifies the 3D lesion proposals of the detector. The detector jointly learns from

multiple datasets.



Vol. 36, No. 3

patients, we consider any lymph node with short
diameter greater than 0.8 cm as lymphadenopathy in
the study.”®*" The model recorded up to 5 lesions per
organ or 5 enlarged lymph nodes per nodal region.

Verification by radiologists

Three radiologists including 2 independent board-cer-
tified radiology experts with average experience of
10 years (Lu 1J and Chen X) and 1 senior radiology
resident (Xu LY) read the CT scans and verified the de-
tection results. Radiologists were blinded to patients’
clinical information. They labeled and revised each CT
image set only rely on imaging characteristics. The
main work of radiologists included to check if the de-
tected findings were real lesions and lesion proposals
were accurate or not, and to add positive findings that
were missed by the detector. When encountering un-
certain lesions, they discussed to reach a consensus.

Performance evaluation of the ULDor model
Performance of ULDor was evaluated by positive pre-
dictive value (PPV) and sensitivity. PPV is the per-
centage of TP examples to all that ULDor proposed
as positive, calculated as TP/ (TP +FP); sensitivity is
the proportion of TP examples to the total true-lesion
examples, calculated as TP/(TP+FN). The TP, FP, FN
are true positive, false positive, and false negative, re-
spectively. TPs are lesions both model and radiologists
determined as positive; FPs are lesions those ULDor
detected as lesions but radiologists disagreed; FNs are
those ULDor missed but radiologists added.

RESULTS

External validation results

The validation results for detecting multi-organ lesions
are exhibited in Table 1. The examples of TP, FP, FN
of each organ are presented in Figure 2. The mod-
el detected 340 abnormal findings, among them 197
were TPs and 143 were FPs; radiologists found 97 FNs.
The lesion-level PPV and sensitivity of the model were
57.9% and 67.0%, respectively. On average, the mod-
el detected 2.1 findings per image set, of which 0.9
were FPs. The model worked well at liver lesions and
thoracic-spine (T-spine) lesions, with 78.9% PPV and
92.7% sensitivity for liver, and 85.7% PPV and 100.0%
sensitivity for T-spine, followed by kidney, with 70.0%
PPV and 58.3% sensitivity. Among FPs of liver lesions,
85% (23/27) were portal vein and hepatic vein, and
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15% (4/27) were microcalcification. There were 8 un-
certain small nodules with slightly heterogeneous den-
sity missed by the model.

Both sensitivity and PPV for thoracic lymph-
adenopathy were around 50%. Among FPs of lymph
nodes, cervical vessels and mediastinal vessels ac-
counted for 83% (59/71), and clustering of small
lymph nodes which were misidentified as enlargement
accounted for 17% (12/71).

For kidney lesions, all FPs were the upper pole of
kidney, which was subject to scan range; the FNs con-
sisted of 3 angiomyolipomas and 2 hyperattenuating
renal cysts.

Among FPs in thyroid, 75% (6/8) were adjacent
common carotid artery and internal jugular vein, 25%
(2/8) were thyroids with heterogeneous density.

The numbers of T-spine lesions were relatively
small, all of which were detected by ULDor with high
PPV and sensitivity. The only 1 FP was a bonespot.

For lesions in adrenal gland, detector achieved
85.7% PPV and 33.3% sensitivity. The 1 FP was a ret-
roperitoneal abdominal lymph node, and 12 FNs were
adrenal gland hyperplastic nodules with homogenous
density.

For spleen lesions, 83% (13/16) FPs were sple-
nules which were focus of normal splenic tissue and do
not usually require treatment, the other FPs were con-
tents of stomach.

There were 3 FPs in pancreas and 13 FPs in esoph-
agus. These lesions were interpreted by radiologists as
adjacent coiled small intestine, but further work-up or
follow-up were recommended to exclude real soft tissue
mass.

In addition, it is worthy to note that the detector
discovered the only lesion in body wall in all cases,
which was so small that doctors almost missed it.

Internal validation results

In the NLST test set, the model detected 227 abnormal
findings, among which 171 findings were TPs and 56
were FPs. There were 158 FNs detected by radiologists.
The model acquired 75.3% (171/227) PPV and 52.0%
(171/329) sensitivity, despite the relatively high noise
level of the soft tissue on images.

DISCUSSIONS

In our previous work, we developed a universal
lesion detection algorithm using deep learning. From
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Table 1. Performance of the ULDor model in detection of multi-organ mass lesions in external validation

Organ Model detected (n) Radiologists detected (n) TP (n) FP (n) FN (n) PPV (%)  Sensitivity (%)
Liver 128 109 101 27 8 78.9 92.7
LN thorax 131 109 60 71 49 45.8 55.1
Kidneys 10 12 7 3 5 70.0 58.3
Thyroid 14 12 6 8 6 42.9 50.0
Thoracic spine 7 6 6 1 0 85.7 100.0
Adrenal 7 18 6 1 12 85.7 33.3
Spleen 20 5 4 16 1 20.0 80.0
Pancreas 6 6 3 3 3 50.0 50.0
Esophagus 16 3 3 13 0 18.8 100.0
Body wall 1 1 1 0 0 100.0 100.0
Breasts 0 8 0 0 8 NaN 0
Gallbladder 0 5 0 0 5 NaN 0
In total 340 294 197 143 97 57.9 67.0

TP, true positive; FP, false positive; FN, false negative; PPV, positive predictive value; LN, lymph node. NaN: not a nhumber
(cannot be calculated).
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Figure 2. Examples of lesion detection and segmentation results of the ULDor model on the real-world CT image test sets.
For detection, boxes in green, red, and blue are TPs, FPs and FNs, respectively. For segmentation, the green lines are ground-
truth diameters, the yellow and red contours show lesions’ masks. TP, true positive; FP, false positive; FN, false negative.
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the algorithm development to model establishment,
the model testing limited to laboratory or public data.
ULDor has never been verified externally. In this study,
we demonstrated the reproducibility and generalizabili-
ty of the model by testing through internal and external
validation. To the best of our knowledge, there have
been some Al algorithms developed that are capable of
identifying multiple abnormalities,?**! but validations in
real-world practice have been scarce, and this study is
the first one to develop universal lesion detection model
with internal and external validation.

In the current study, ULDor detected 2.1 findings
per scan, of which 0.9 were FPs. It significantly outper-
formed the previous works on this topic in 2018-2020,
with a sensitivity of 59.6% and a false-positive rate of
2 per sub-volume.™™! We also found that our detector
achieved good performance in some organs, especially
in liver, kidney and T-spine, with relatively high PPVs
and sensitivities.

ULDor was designed to identify space-occupying
lesions of all organs in one CT scan with description
of location, size, and density together, and provide a
confidence score for comprehensive reference. Un-
like organ-specific or single-type lesion algorithms, it
was expected to achieve detection in a wider range of
organs and tissue. The clinical needs arose from the
facts that regular CT screening is of great significance
and has been widely used worldwide for early detec-
tion of cancer, as well as regular imaging follow-ups
of patients after anti-tumor treatment are common,
especially in the aging of population. These undoubtedly
increase routine workload of image interpretation for
radiologists. The multi-organ lesion detecting model
was expected to help radiologists in daily work to
avoid missing lesions, as well as to reduce workload by
pre-selecting suspicious lesions and prioritized patients
with significant abnormality or in urgent situations that
need to be treated firstly. With the increasing workload
faced by radiologists, it may play an invaluable role in
instantaneous proposal supports.

In clinical practice, generation of a radiological re-
port usually can be divided into two processes: junior
doctors read firstly and compile a diagnostic report,
then senior doctors verify and revise the results. ULDor
could serve as a screening tool to assist junior doctors
or radiology residents to ascertain the characterization
of a focus and support intepretation and diagnosis. It
helps to find common and evident abnormalities so
that radiologists can devote more time to differential
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diagnosis or look into rare cases. Besides, the whole
detection process takes up about 80 seconds, which is
less time-consuming than human interpreting and fin-
ishing a report of a CT scan.

The validation of multi-organ universal lesion de-
tection model on external real-world data has shown
good performance in liver, thoracic lymph nodes,
kidneys, T-spin, but unsatisfied performance in some
organs. For instance, the sensitivity was low for ad-
renal lesions, the PPVs were relatively low for lesions
of spleen and esophagus, and the FNs were high for
lesions of breast and gallbladder, which meant high pos-
sibility of missing lesions in these organs. But clinically,
CT is not the routine imaging modality for detecting dis-
ease of breast and gallbladder, for its relatively low sen-
sitivity compared to the optimal imaging modalities of
these organs, such as mammography and ultrasound.

There are some limitations in the current study.
Because the training dataset was mainly DeeplLe-
sion, which is abundant in high-quality annotations
about tumor-like lesions, the detector was targeted
on space-occupying lesions and not sensitive to non-
tumor-like lesions, such as inflammatory lesions, infec-
tious disease, congenital malformation, anatomic vari-
ation, traumatic or degenerative diseases. The external
test set was of general patient population, different
from the training dataset of cance patients. This dif-
ference has an unneglectable impact on the validation
result, which may cause the unsatisfactory overall re-
sults in the external validation. Secondly, due to the
single-center clinical setting and the small sample size,
the clinical implication and generalizability of this study
were not fully appreciated. The unbalanced distribution
of lesions in organ (e.g., more lesions in liver but fewer
in adrenal gland) and nature of lesions (e.g., more be-
nign tumors but less malignant ones, more cystic but
fewer solid ones) hindered ULDor’s performance to be
fully verified. Therefore, a large-scale multi-centric in-
vestigation should be arranged to provide more potent
statistical power. Thirdly, both training and validation
of the model were blind to patients’ history and clinical
examination information, which may affect accuracies
of the model and the radiologists in this study. ULDor
might perform better when it works with medical his-
tory and other clinical information. The current study
focuses on lesions in chest and upper abdomen CT,
the model need extended validation with pelvic CT in
future.

To sum up, ULDor should be targeted at specific
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applicable population, while the PPV and sensitivity of
CT examination for general patient population are or-
gan-specific. Through external and internal validation,
it has been demonstrated good performance with
acceptable sensitivity and PPV in multi-task CT image
analyses for some organs. With further optimization and
iterative upgrade of the algorithm, the detection range
and capability of the model will be significantly improved.
Efficient integration of radiologists and machines is clear-
ly achievable in radiological clinical practice.
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