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ABSTRACT
Background: Three and half million anonymous X-rays were gathered from 45 locations worldwide (in-hospital and outpatient settings).
qXR was initially trained on this massive dataset. We used an independent dataset of 13,426 chest X-rays from radiologists’ reports. The
test data set included 213,459 X-rays chosen at random from a pool of 3.5 million X-rays. The dataset (development) was developed
using the remaining X-rays received from the remaining patients.
Methods: qXR is a deep learning algorithm-enabled software that is used to study nodules and malignant nodules on X-rays. We observed
moderate to a substantial agreement even when observations were made with normal X-rays.
Results: qXR presented a high area under the curve (AUC) of 0.99 with a 95% confidence interval calculated with the Clopper–Pearson
method. The specificity obtained with qXR was 0.90, and the sensitivity was 1 at the operating threshold. The sensitivity value of qXR
in detecting nodules was 0.99, and the specificity ranged from 0.87 to 0.92, with AUC ranging between 0.98 and 0.99. The malignant
nodules were detected with a sensitivity ranging from 0.95 to 1.00, specificity between 0.96 and 0.99, and AUC from 0.99 to 1. The
sensitivity of radiologists 1 and 2 was between 0.74 and 0.76, with a specificity ranging from 0.98 to 0.99. In detecting the malignant
nodules, specificity ranged between 0.98 and 0.99, and sensitivity fell between 0.88 and 0.94.
Conclusion: Machine learning model can be used as a passive tool to find incidental cases of lung cancer or as a triaging tool, which
accelerate the patient journey through standard care pipeline for lung cancer.
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BACKGROUND
Deep learning (DL) algorithms help us detect various lung
abnormalities in chest X-rays [1]. DL algorithms were used to
detect diabetic retinopathy by using photographs of the retinal
fundus [2]. While investigating skin cancer, the fine-grained
object categories were analyzed using deep convolutional
neural networks (CNNs) [3]. The availability of original and
viable datasets representing various lung abnormalities is
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seldom available [4]. DL-based algorithms outperformed
experienced physicians in determining several thoracic
diseases [5]. Although larger datasets are available, most of
the X-rays were certified normal, limiting us in feeding the
machine tools with accurate training data. CheXpert is one
of the largest chest radiograph datasets that can provide
uncertainty labels and supply comparisons between expert
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judgments [6]. It has been a difficult task to collect X-rays with
less defined edges, irregular margins, and orders that appear
circumscribed from reliable sources. In most lung cancer
patients, solitary lung nodules can appear on the X-rays, which
can be considered as prima facie finding of the possible lung
cancer in at least 20% of cases [7]. This is critical in scaling up
the investigation of the possible lung abnormalities. Although
several tools are in place, non-contrast computed tomography
(CT) is still a reliable technique to identify pulmonary nodules
[8]. Automated detection of intracranial hemorrhage using
head CT scans was attempted using DL algorithms [9]. CheXNet
was used to detect pneumonia from chest X-rays using DL [10].
Stage I cancers can be diagnosed with chest X- rays in the initial
screening process [11]. In all, 44% of the central lung cancers
and 98% of peripheral lung cancers can appear as nodules
[12]. These nodules might be associated with or without
adenopathy. In the related studies, it was suggested that 65%
of the lung cancers appeared as nodules [13]. There are always
instances that ignore nodules that would otherwise need to
investigate the lung cancers. This difficulty or oversight can
be minimized with the use of machine algorithms. Although
not a sole tool can present accurate results, these algorithms
can aid in investigating lung abnormalities. Several computeraided diagnostic methods can be used in lung cancer to be
investigated on the X-rays [14]. Several studies evaluated DL
algorithms to gauge nodules on the test dataset that contained
X-rays with normal and abnormal lung conditions. qXR v2.0
was used to analyze chest X-rays of tuberculosis patients [15].
qXR is a software application that can utilize DL algorithms
to detect nodules on chest X-rays. This study evaluates the
performance of qXR in detecting malignant nodules. In
addition, some of the abnormalities such as pleural effusion,
opacity, and consolidation were also investigated using this
software. The model score was established for each X-ray,
and the performance was evaluated accordingly. Through
this study, training and validation of qXR to detect nodules
on chest X-rays are explained.
MATERIALS AND METHODS
Dataset
About 3.5 million anonymous X-rays were collected from
45 centers (in-hospital and outpatient settings) spread
worldwide. qXR was trained with this huge dataset initially. An
independent dataset comprising 13,426 chest X-rays based on
the reports generated by radiologists was used. These X-rays
were acquired in posterior–anterior (PA), anterior–posterior
(AP), supine, or lateral views. The lateral chest X-rays were
not available; we made all efforts to get them but could not.
Although lateral X-rays can be included if they are available, it
is very hard to find the corresponding lateral X-rays for most
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AP/PA X-rays taken in general practice, and even harder to find
them in cases of suspected nodules. The biopsy report should
be used as the final ground truth when available. Radiologist
interpretation has been used due to the lack of biopsy reports
in these cases. The diversity in the dataset is based on the
quality of X-rays, resolution, and size distribution. The test data
comprised 213,459 X-rays that were randomly selected from
a pool of 3.5 million X-rays used. The development dataset
was framed from the remaining X-rays collected from the
remaining patients and was used to develop the algorithm.
In all, 500 nodules were randomly selected from the nodulepositive subset and 500 from the nodule-negative subset
(determined by the original radiologist report). No signs or
symptoms or clinical data were considered when deciding
the inclusion/exclusion of a case from the study.
Validation and training datasets were extracted from these
X-rays. In this study, chest X-rays from patients younger than
15 years and those exposed in the lateral view were excluded
from test and development datasets. The development
dataset and test dataset were treated as independent in the
development of the algorithm. The presence/absence of
the nodules as reported by radiologists was extracted using
natural language processing techniques [16]. At least one
nodule was present in the test data comprising 10,200 X-rays,
which was confirmed by radiologists. Randomized selections
were made to choose 894 scans. From this collection, X-rays
that exhibited nodules were classified as positive test sets, and
those devoid of abnormalities and nodules were classified as
negative test sets. Ground truth was established based on the
annotated reports of three radiologists.
The radiologists classified these scans based on the presence/
absence of nodules and if they were malignant or benign. The
ground truth was confirmed based on the consensus of the
opinions among radiologists. The performance of qXR with
ground truth was compared with the reads of two radiologists.
The accuracy of qXR was evaluated using positive predictive
value (PPV), negative predictive value (NPV), specificity,
sensitivity, and area under the curve (AUC) [17]. Cohen’s
kappa was used to assess the variability between a pair of
radiologists [18]. The consistency of the agreement in the
radiologist’s group was tested using Fleiss’ kappa [19]. The
inter-rated agreement was used to determine the accuracy
in interpreting chest X-rays of tuberculosis patients [20] and
pneumonia patients [21].
Ground truth
In the primary stage of this research, three radiologists with
10 years of experience were recruited. Their respective
identities were masked to ensure independent and unbiased
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reporting of the results. The radiological and clinical
information of the anonymous patients was intentionally
denied to the radiologists. Each radiologist was given the yes/
no option to mark the X-rays for the presence of nodules. If
nodules were present, the radiologists were asked to mark
X-rays as either malignant or benign. Knowledge about
histopathology of the nodules was not studied, and this
study purely relied on the radiologists’ opinions. Radiologists
employed their unbiased judgment based on the internal
characteristics, calcification, contour, margin, and size
distribution. In the presence of multiple nodules, and if at least
one was malignant, the radiologists read it as malignant [22].
In case of discrepancy raised with reports, the majority of the
three reports were classified as ground truth. The selection
of the cases was entirely made using the radiological report
and was blinded to the clinical data/symptoms of the patient.
Algorithm
DL was used to train the CNNs to detect nodules on the X-rays
[23]. Specific architectures that constitute the basic blocks
of this system are versions of residual networks aided with
squeeze–excitation modules [24]. We used modified vanilla
versions of these architectures to process information with
appropriate resolution. The quality, resolution, size distribution,
and diversity were observed in the selected development
dataset before feeding it into CNNs. X-rays were subjected to
downsampling and image normalization to minimize sourcedependent variation. The classification networks that built
nodule detection systems were pre-trained to demarcate chest
X-rays from others [25]. Super-set was utilized in this process,
and it constituted all the X-rays. The network output score
ranged between 0 and 1, which indicated nodule occurrence
[26]. A pixel map was produced specifying the location of the
nodule [27]. An algorithm was developed to automatically
detect malignancy using nodules on X-rays [28]. To train the
algorithm, 3000 patches isolated from nodule-bearing X-rays
were used. Every patch was extracted by manually demarcating
the nodule with a bounding box and resized appropriately.
Radiologists gave labels stating malignant/benign nodules.
Each chest X-ray was passed through a nodule detecting
algorithm. A pixel map was produced according to a specific
lung area. The obtained pixel map was cropped, and the
resultant patch could pass onto the malignancy detection
algorithm. This algorithm assigned a malignancy score to every
patch. Each X-ray got a malignancy score after aggregating
the scores of all the nodules present. Multiple networks of
nodule and malignancy detection algorithms were trained
in this process. These networks were classified based on the
dataset (training) distribution, model initialization conditions,
and type of architecture. A major ensembling scheme and a
subset of these models were selected based on heuristics. This

Figure 1: Datasets and algorithm training.

subset was used to integrate prediction and to produce final
decisions utilizing each algorithm. The schema of datasets and
algorithm training is represented in Figure 1.
Statistical analysis
qXR was evaluated opposite ground truth of detecting
nodules and even malignant nodules by utilizing area
under the receiver operating characteristic (ROC) curve at
95% confidence interval (CI) [29]. We have used PPV, NPV,
specificity, and sensitivity in this process. Beta distribution
was examined using the Clopper–Pearson method to calculate
CI at 95% [30]. This analysis was done using Python with
packages such as NumPy, Pandas, PyMongo, and scikit-learn
[31]. The data used in this study were stored in the Mongo
database [32].
RESULTS
It was observed that 47% of the X-rays (patients of age greater
than 30 years), 75% of X-rays have gender information, of
which 58% of them are taken from male patients. In all, 14%
of the X-rays reflected malignant nodules, whereas 45%
exhibited nodules. The clinical characteristics of the test set
are shown in Table 1.
qXR detected nodules with a high AUC of 0.99 with a 95%
CI. The specificity obtained was 0.90 with a sensitivity of 1
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during the operating point [Table 2]. Agreement among the
radiologists was moderate to substantial in the detection of
nodules. Cohen’s κ value was used to describe the agreement
between a pair of radiologists, and Fliess’ κ was used to know
agreement among all radiologists.

agreement for even observations made with normal X-rays. The
ROC curve of qXR versus radiologists is presented in Figures 2
and 3, respectively. The AUC of malignant nodules was 1, and
for nodules, it was 0.99. Owing to the appropriate AUC, we
stratified the test set accordingly using the gender and age
of the patients at the operating point. Gender was classified
as men, women, and other classes, and age was stratified as
≤30, >30–≤60, and >60. We analyzed NPV, PPV, specificity,
sensitivity, and accuracy. The performance of qXR remained
the same when tested across all the subgroups [Tables 4 and 5].

For nodules, Cohen’s κ value was 0.37–0.66 with Fliess’ κ value
of 0.49. For malignant nodules, Cohen’s κ value was 0.59–0.77,
with Fliess’ κ value of 0.67 [Table 3]. There was a slight
agreement observed in the case of other abnormalities and
non-nodular opacities. We observed a moderate to substantial

The sensitivity value of qXR in detecting nodules was 0.99,
and the specificity ranged from 0.87 to 0.92, with AUC
ranging between 0.98 and 0.99. The malignant nodules
were detected with a sensitivity ranging from 0.95 to 1.00,
specificity between 0.96 and 0.99, and AUC from 0.99 to 1. The
sensitivity of radiologists 1 and 2 was between 0.74 and 0.76,
with a specificity ranging from 0.98 to 0.99. In detecting the
malignant nodules, specificity ranged between 0.98 and 0.99,
and sensitivity fell between 0.88 and 0.94.

Table 1: Clinical characteristics of the validation dataset.
Characteristics

n (894)

%

Age
≤30

74

8.2

>30 and ≤60

236

26.4

>60

180

20.1

404

45.2

Women

281

31.4

Men

389

43.5

Not available
Gender

Other

2

0.2

222

24.8

Nodule

402

45.0

Malignant nodules

121

13.5

69

7.7

Not available

DISCUSSION
qXR is a robust model trained with 3.5 million chest X-rays,
and it is being used to screen tuberculosis with high
accuracy. This study used the expertise of three radiologists
to establish ground truth. Compared with the ground truth,
qXR exhibited high accuracy in detecting nodules and even
labeled malignant nodules in the lungs. This accuracy was
estimated utilizing specificity, sensitivity, and AUC of qXR in
the detection of nodules. This model succeeded in detecting
malignant nodules in all the subgroups of gender and age.

Abnormalities*

Non-nodular opacities
Others

37

4.1

None

387

43.3

*More than one abnormality was present in certain X-rays

Table 2: Performance of qXR and radiologists in detecting nodules and malignant nodules versus ground truth.
Metric

Nodule
qXR (95% CI)

Ground truth

Malignant nodule
qXR (95% CI)
Ground truth

AUC

0.99 (0.98–0.99)

-

1.00 (0.99–1.00)

-

Sensitivity

1.00 (0.98–1.00)

0.76–0.74

0.99 (0.95–1.00)

0.94–0.88

Specificity

0.90 (0.87–0.92)

0.99–0.98

0.98 (0.96–0.99)

0.97–0.98

NPV

1.00 (0.98–1.00)

0.83–0.82

1.00 (0.99–1.00)

0.99–0.98

PPV

0.89 (0.86–0.92)

0.99–0.96

0.83 (0.76–0.92)

0.83–0.90

AUC: area under the curve, CI: confidence interval, NPV: negative predictive value, PPV: positive predictive value

Table 3: Inter-rater agreement between three independent radiologists (I, II, and III).
Abnormality
I, II

Pairs (Cohen’s κ)
II, III

All (Fliess’ κ)
I, III

Nodules

0.66

0.43

0.37

0.49

Malignant nodules

0.77

0.63

0.59

0.67

Non-nodular opacities

0.21

0.26

0.17

0.22

Other abnormalities

0.45

0.09

0.12

0.25

None

0.70

0.51

0.46

0.56

Cohen’s κ was used to assess agreement between radiologist pairs, and Fliess’ κ was used to assess agreement among all three radiologists
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Nodules larger than 2 cm can be translated as malignant
lung cancer with 75% accuracy. Moreover, several artificial
intelligence (AI) algorithms can process X-rays images in
seconds enabling researchers to perform large-scale screening
efficiently. qXR is an AI model used to screen patients with

Figure 2: ROC curve to detect nodules.

Figure 3: ROC curve to detect malignant nodules.

coronavirus, tuberculosis, and several lung diseases. Sim
et al. studied 150 normal X-rays and 450 abnormal X-rays
(cancerous as defined by CT and pathology) [33]. CNN
model read these scans. Although the addition of CNN to
the radiologist reports enhanced the instrument’s sensitivity
to detect malignant nodules, it did not outperform the
judgment of only radiologists. In their study, the radiologists’
sensitivity was 0.54–0.84 and carried a false positive rate
between 0.1 and 0.3. Finally, Nam et al. examined nodules
using a large set of normal and abnormal X-rays with deep
learning-based automatic detection (DLAD) algorithm with an
AUC of 0.92–0.99 [34]. qXR succeeded in attaining the same
level of performance as DLAD. qXR can detect calcification of
nodules; the final malignancy score assigned by qXR to each
nodule depends on the calcification status of that nodule and
is inversely proportional (i.e., the more calcified the nodule,
the less score qXR assigns for malignancy).
Justification
We compared the reports generated from three radiologists
with reports generated from qXR. In the detection of malignant
nodules, radiologists and qXR exhibited similar sensitivity and
specificity. In the detection of nodules, qXR presented high
sensitivity than radiologists. This study hypothesizes that the
high performance exhibited by qXR can be attributed to the
size of the nodules as large-sized nodules reflect malignancy.
Nodule size can define the solitary pulmonary nodule present
in the chest CT scan, that is, <3 cm diameter (if greater than
3 cm, it can be considered mass). The nodules were marked as
malignant nodules by the qXR and radiologists due to their larger
size. Cautious interpretation is necessary in this case as slight size
variation among nodules can slip the judgment and result in false
positives/false negatives. In detecting malignant nodules, low
sensitivity was observed due to their small size, which remained
the same even when the CNN model was used. This study further
hypothesized that calcification, contour, and margins could affect
the sensitivity. Calcifications can be observed using CT, and low-

Table 4: Performance of qXR in detecting nodules stratified by age and gender.
AUC

Accuracy

Sensitivity

Specificity

NPV

PPV

Age
≤30

0.99 (0.97–1.00)

0.96 (0.89–0.99)

1.00 (0.80–1.00)

0.95 (0.86–0.99)

1.00 (0.94–1.00)

0.85 (0.62–0.97)

>30 and ≤60

0.99 (0.98–1.00)

0.97 (0.93–0.99)

1.00 (0.97–1.00)

0.93 (0.87–0.97)

1.00 (0.97–1.00)

0.93 (0.86–0.97)

>60

0.99 (0.97–1.00)

0.94 (0.90–0.97)

0.99 (0.95–1.00)

0.86 (0.76–0.94)

0.98 (0.91–1.00)

0.93 (0.87–0.97)

Not available

0.98 (0.96–0.99)

0.92 (0.89–0.95)

0.99 (0.97–1.00)

0.88 (0.83–0.92)

1.00 (0.97–1.00)

0.84 (0.78–0.89)

0.99 (0.975–1.0)

0.95 (0.92–0.97)

0.99 (0.96–1.00)

0.90 (0.84–0.95)

0.99 (0.95–1.00)

0.92 (0.87–0.96)

Gender
Women
Men

0.99 (0.97–1.00)

0.95 (0.92–0.97)

0.99 (0.97–1.00)

0.90 (0.85–0.94)

0.99 (0.97–1.00)

0.90 (0.85–0.94)

Other

1.00 (1.00–1.00)

1.00 (0.16–1.00)

1.00 (0.03–1.00)

1.00 (0.03–1.00)

1.00 (0.03–1.00)

1.00 (0.03–1.00)

Not available

0.98 (0.96–1.00)

0.92 (0.88–0.95)

1.00 (0.95–1.00)

0.89 (0.83–0.94)

1.00 (0.97–1.00)

0.80 (0.70–0.88)

AUC: area under the curve, CI: confidence interval, NPV: negative predictive value, PPV: positive predictive value
Values are displayed with 95% CIs
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Table 5: Performance of qXR in detecting malignant nodules stratified by age and gender.
AUC

Accuracy

Sensitivity

Specificity

NPV

PPV

1.00 (0.97–1.00)

0.99 (0.93–1.00)

1.00 (0.59–1.00)

0.99 (0.92–1.00)

1.00 (0.95–1.00)

0.88 (0.47–1.00)

Age
≤30
>30 and ≤60

1.00 (0.99–1.00)

0.98 (0.95–0.99)

0.98 (0.90–1.00)

0.97 (0.94–0.99)

0.99 (0.97–1.00)

0.91 (0.81–0.97)

>60

1.00 (0.99–1.00)

0.96 (0.92–0.98)

1.00 (0.91–1.00)

0.94 (0.89–0.98)

1.00 (0.97–1.00)

0.83 (0.69–0.92)

Not available

1.00 (0.98–1.00)

0.98 (0.96–0.99)

1.00 (0.85–1.00)

0.97 (0.95–0.99)

1.00 (0.99–1.00)

0.69 (0.50–0.84)

Gender
Women

1.00 (0.99–1.00)

0.98 (0.95–0.99)

0.98 (0.90–1.00)

0.97 (0.94–0.99)

1.00 (0.98–1.00)

0.90 (0.80–0.96)

Men

1.00 (0.99–1.00)

0.97 (0.95–0.99)

1.00 (0.94–1.00)

0.97 (0.94–0.98)

1.00 (0.99–1.00)

0.85 (0.74–0.92)

Other
Not available

-

-

-

-

-

-

1.00 (0.96–1.00)

0.97 (0.94–0.99)

1.00 (0.48–1.00)

0.97 (0.94–0.99)

1.00 (0.98–1.00)

0.42 (0.15–0.72)

AUC: area under the curve, CI: confidence interval, NPV: negative predictive value, PPV: positive predictive value
Values are displayed with 95% CIs

kilovolt radiography can allow us to see calcifications present
inside the nodules. All these parameters might have affected the
judgment of the radiologists. We assume that mass size might
have affected the low agreement established while interpreting
nodules compared to malignant nodules.
Limitations
There was no clinical context of patients supplied before the
radiologists to establish ground truth. Providing clinical history
might have affected the reports given by radiologists resulting
in the biased ground truth. The room for error was significantly
lowered by establishing ground truth, considering the majority of
the opinions offered by the radiologists. There was no histology
reports or follow-up CT scan to confirm malignancy. At least onefourth of lung cancer cases can be diagnosed by radiography.
Although chest X-rays offer low sensitivity, nodules detected can
be investigated, and malignancy was confirmed in most cases.
Guidelines recommend not to consider chest X-rays alone to
screen for malignancy in the lungs. AI algorithms fed with X-ray
images can provide results in few seconds, and hence, there is
a possibility of low-cost screening within a limited time frame.
CONCLUSION
We propose using the machine learning model either as a
passive tool, monitoring all the X-rays processed at an institution,
thereby helping to find incidental cases of lung cancer, or as a
triaging tool, which helps accelerate the patient journey through
the standard care pipeline for lung cancer. The machine learning
model can be embedded in its totality, wherein it takes the
complete digital imaging and communications in medicine as
the input and produces a lung malignancy risk score, which can
be made use of as is appropriate in the given setting. This study
used qXR (AI algorithm) to detect the nodules and malignant
nodules in the chest X-rays with high specificity, sensitivity, and
accuracy. Advanced studies can be commissioned to validate
this model by the addition of clinical parameters. These studies
142

can also reduce costs and reduce the time needed to determine
lung cancer patients’ malignancy.
Owing to its accuracy, this algorithm can be integrated with
other machine learning tools to enable doctors to arrive at
appropriate judgments. Furthermore, this technology can be
simplified and supplied to countries with a limited technical
workforce, saving patients.
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