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AIM: To develop and test a model based on a convolutional neural network that can identify
enteric tube position accurately on chest radiography.
MATERIALS AND METHODS: The chest radiographs of adult patients were classified by ra-

diologists based on enteric tube position as either critically misplaced (within the respiratory
tract) or not critically misplaced (misplaced within the oesophagus or safely positioned below
the diaphragm). A deep-learning model based on the 121-layer DenseNet architecture was
developed using a training and validation set of 4,693 chest radiographs. The model was
evaluated on an external test data set from a separate institution that consisted of 1,514
consecutive radiographs with a real-world incidence of critically misplaced enteric tubes.
RESULTS: The receiver operator characteristic area under the curve was 0.90 and 0.92 for the

internal validation and external test data sets, respectively. For the external data set with a
prevalence of 4.4% of critically misplaced enteric tubes, the model achieved high accuracy
(92%), sensitivity (80%), and specificity (92%) for identifying a critically misplaced enteric tube.
The negative predictive value (99%) was higher than the positive predictive value (32%).
CONCLUSION: The present study describes the development and external testing of a model

that accurately identifies an enteric tube misplaced within the respiratory tract. This model
could help reduce the risk of the catastrophic consequences of feeding through a misplaced
enteric tube.
� 2022 The Authors. Published by Elsevier Ltd on behalf of The Royal College of Radiologists.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).
Introduction

Enteric tubes, such as nasogastric and nasojejunal tubes,
are commonly used to deliver nutrition, fluid, and
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medication. Approximately 10% of inpatients, often the
most critically unwell, are reliant on an enteric tube for
nutrition during their admission. More than 500,000
enteric tubes are inserted per year in the UK alone [1].
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Following blind insertion, the rate of misplacement into
the respiratory tract or the oesophagus has been estimated
to be 3% and 20%, respectively [2e4]. Confirmation of cor-
rect enteric tube position within the stomach before use is
essential. Introduction of fluids via an enteric tube into the
airways can have dire consequences, ranging from aspira-
tion pneumonia, respiratory failure, and death [5]. There-
fore, feeding through an enteric tube within the respiratory
tract, but not within the oesophagus, is classed as a “never
event”.

If safe enteric tube positioning cannot be confirmed by
an acidic aspirate, a chest radiograph, the reference stan-
dard, is required [5,6]. The radiograph should be interpreted
prior to use by a suitably trained clinician, typically a radi-
ologist [7]. Despite guidelines that describe a robust
method to protect against feeding via a misplaced tube and
the release of multiple national patient safety alerts from
NHS England [8], the rate of feeding through an enteric tube
misplaced within the respiratory tract has not reduced.
Each year in the UK, between 20 and 30 cases of feeding
through a misplaced enteric tube are reported; associated
with approximately six deaths [9,10]. In the most recent
Never Event Report from NHS England, out of 29 cases of
feeding through an enteric tubewithin the respiratory tract,
15 were due to radiograph misinterpretation and one was
due to miscommunication [9]. Therefore, a rapid and
automated method of identifying an enteric tube misplaced
within the respiratory tract on a chest radiograph would be
valuable in the effort to improve patient safety.

In this study, a model based on a convolutional neural
network that can accurately identify enteric tube position
on chest radiography was developed and tested using an
external data set.

Materials and methods

The study was undertaken and reported in line with the
RSNA CLAIM checklist [11]. This study was approved at the
respective local ethics review committees for both Imperial
College Healthcare NHS Trust and University Hospital
Galway.

Data set collection and splitting

Data were collected retrospectively with model training
and validation performed on posteroanterior (PA) and
anteroposterior (AP) chest radiographs retrieved from Im-
perial College Healthcare NHS Trust. The model was tested
on radiographs retrieved from University Hospital Galway.
All chest radiographs were acquired as part of routine
clinical care between 2011 and 2019 on patients above the
age of 18 years. A flow chart of radiographs included in the
study is shown in Fig 2.

As critically misplaced enteric tubes are a relatively rare
event, to reduce class imbalance during training, a data set
that was enriched for both correctly placed and misplaced
enteric was identified by searching radiology reports for the
terms “nasogastric”, “nasojejunal”, “NGT”, NJ”, “NJT”, “Ryles
tube”, “feeding tube”, or “enteric tube”, and “malpositioned”,
“misplaced”, “unsafe”, “bronchus”, “bronchial”, or “trachea”.
An approximate ratio of 1:4 for critically misplaced (enteric
tubewithin the airway) and non-criticallymisplaced (enteric
tube not within the airway) enteric tubes was obtained. A list
of all radiographs in chronological order was compiled. The
radiographs that were likely to show amisplaced radiograph
were identified (by searching for the above key phrases in
the radiology report). Duplicates were removed so that a
maximum of one radiograph per patient was included.
Finally, in this list of radiographs (where there was only one
radiograph per patient) the two subsequent and two prior
radiographs were retained.

After annotation (described below), 50 radiographs with
a critically misplaced and 50 radiographs without a criti-
cally misplaced radiograph were selected randomly to give
a validation data set consisting of 100 radiographs. Radio-
graphs were extracted and anonymised from PACS using
Radiomics Enabler (version v1.5.5.1).

The external testing data set from Galway University
Hospitals was extracted and anonymised within PACS (AGFA
HealthCare Enterprise Imaging). The test data set comprised
consecutive radiographs acquired to check the position of an
enteric tube thatwere acquired consecutively between1 June
2019 and 31 May 2020. Consecutive chest radiographs were
obtained to ensure a realistic class balance. As for the training
and validation test data set, a maximum of one radiograph
per patient was included in the external test data set.

Annotation

A critically misplaced tube was defined as a tube pro-
jected over the trachea or bronchi (whichmay include cases
where the tube was in fact within the proximal oesophagus
but appears the same as a tracheal tube position on a single
projection). Where this condition was not met, the enteric
tube was considered to be in either a safe position (tube
bisecting the carina with the radiopaque tip below the left
hemidiaphragm) or in an unsafe, non-critical, position
(most commonly within the oesophagus).

Enteric tube position for all chest radiographs was clas-
sified as either “safe”, “unsafe non-critical”, or “unsafe
critical” by at least three radiologists (D.H.M., C.D.M. and
G.S.R. with 6, 4, and 4 years of experience, respectively). The
model was trained to differentiate between enteric tubes
that were critically misplaced (“unsafe critical”) and those
that were not critically misplaced (i.e., “unsafe non-critical”
or “safe”). Where therewas a discrepancy, radiographs were
reviewed with a fourth radiologist (D.G.A. with 13 years of
experience) for a consensus to be reached. If a consensus
could not be achieved, the radiograph was excluded. Ra-
diographs were excluded if no nasogastric tube was
included in the radiograph, in cases of poor technical quality
(significant rotation, underexposure, or overexposure),
excessive overlying apparatus (such as electrocardiogram
[ECG] leads and cardiopulmonary resuscitation electrodes),
failure to include the majority of the lungs, and excessively
large borders created by shutters. Examples are provided in
Electronic Supplementary Material Fig. S1. No radiographs
were excluded from the test data set.



Figure 1 (a) Schematic of image pre-processing steps reduce technical variation between radiographs. (b) Contrast Limited Adaptive Histogram
Equalisationwas used to equalise regional contrast of the original chest radiograph. (c) Images were then rotated and resized to best align with a
“template” radiograph. (d) Example of the final pre-processed image.
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Image pre-processing

All code for image processing and model development is
available at https://doi.org/10.5281/zenodo.6569554. All
data processing and model generation was performed in
Python (version 3.6). DICOMs were converted to NumPy
(version 1.19.1) arrays at a resolution of 299 � 299 � 1.
Image contrast was enhanced using the Contrast Limited
Adaptive Histogram Equalization (CLAHE) method as
implemented in sci-kit learn (version 0.23.2) with a clipping
limit of 0.02 and a kernel size of 23. Radiographs were
aligned to a “template”. The template was calculated based
on the average pixel values from 3,256 radiographs
Figure 2 Flow chart of radiographs included in the training, validation, an
College Healthcare NHS Trust. External testing was performed on an indep
refers to enteric tubes within the airways. “Non-critical tube position” r
positioned within the oesophagus.
obtained from the National Institutes of Health Chest X-Ray
Dataset [12]. Alignment was performed using affine trans-
formation as implemented in the findTransformECC method
in the OpenCV (version 4.4.0.42) library. Pre-processing
steps are outlined in Fig 1.

Data augmentation

Images were augmented using geometric (translation
<10%, cropping <10%, shearing <10�, rotation 10�), and
photometric (brightness adjustments <10%), contrast
rescaling (<10%), as implemented in the exposure.r-
escale_intensity method in scikit-learn, and the addition of
random Gaussian noise <2.5%) transformations.
d test data sets. The model was developed using a data from Imperial
endent data from University Hospital Galway. “Critical tube position”
efers to enteric tubes safely inserted within the stomach or unsafely

https://doi.org/10.5281/zenodo.6569554


Table 1
Demographics of the patients included in training, validation, and test
cohorts.

Training (n¼4,693) Validation
(n¼100)

Test (n¼1,514)

Age (IQR) 68 (53e78) 69 (56e75) 67 (60e77)
Sex (M:F) 2732:1911

(59% male)
69:31
(69% male)

969:545
(64% male)
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Model development

The model was developed using the TensorFlow frame-
work (version 1.15.2). Model input was a 299 � 299 � 1
image. Model output was a binary classifier representing
either a “critical” enteric tube position or a “non-critical”
enteric tube position.

Models based on the 121-layer DenseNet were trained
using random weights initialisation and pre-trained
weights (transfer learning from CheXNet [13] or ImageNet
[14]). Where pre-trained weights were used, the top layer
(containing 1,000 and 14 classification nodes for ImageNet
and CheXNet, respectively) were replaced with two dense
fully connected layers.

A random hyperparameter search was performed for the
followingmodel characteristics: input resolution, optimiser,
fully connected layer nodes, dropout rate, learning rate,
class weighting, batch size, data augmentation, random or
pre-train weights initialisation and number of trainable
layers (when using pre-trained weights). Full details on the
hyperparameters considered are provided in Electronic
Supplementary Material Table S1. Training continued for a
maximum of 25 epochs or until validation loss did not
decrease by more than 5% for more than 5 epochs.

Model selection was based on binary cross entropy loss
in the validation data set. After the final model was selected,
it was “locked down” (7 October 2020) such that no further
modifications were made. The final model was assessed
only once on the external validation set. The model was
developed on a HP Z8workstationwith dual Intel Xeon 4112
CPUs, 128 GB of RAM, and an NVIDIA TITAN RTX.

Statistics

Patient age and sex between the training, validation and
external test data sets were compared using the t-test and
the Fisher’s exact test, respectively, using the statsmodel
package (version 0.11.1). A p-value of <0.05 was considered
significant.

Accuracy, sensitivity, specificity, positive predictive
value, and negative predictive values were calculated.
SoftMax function as implemented in SciPy (version 1.5.2)
was used to calculate the area under the receiver operator
characteristic (ROC) curve (AUC). Predictions were based on
a SoftMax cut-off of 0.5. Confidence intervals (CI) for the
ROC curves were estimated using bootstrapping of 1,000
random samples.

Failure analysis was performed using gradient weighted
class activation maps (CAM), which highlight regions
within the input with the greatest contribution to the pre-
dicted class, were produced using TensorFlow as described
previously [15].

Results

A total of 5,000 radiographs from unique patients were
extracted from the PACS at Imperial College Healthcare NHS
Trust. Three hundred and seven radiographs were excluded
due to the absence of an enteric tube (n¼211), due to
technical factors (n¼50, see Electronic Supplementary
Material Fig. S1), or failure to reach consensus on enteric
tube position (n¼46). Out of a total of 4,693 radiographs,
890 and 3,803 radiographs were identified with either
critical or non-critical enteric tube positions, respectively.
For testing, 1,514 radiographs from unique patients were
extracted from University Hospital Galway. No radiographs
were excluded from the test data set. Details of the training
(Imperial College Healthcare NHS Trust), validation (Impe-
rial College Healthcare NHS Trust), and external test (Uni-
versity Hospital Galway) cohorts are given in Fig 1.

There was no statistically significant difference between
the age of the patients in the training, validation, and
external test sets. In all three sets, menwere more common
than women. The proportion of men in the training set
(59%) was statistically significantly lower than both the
validation set (69%, p¼0.04) and the test set (p¼0.002;
Table 1).

After a random hyperparameter search, the lowest vali-
dation loss was observed after 16 epochs in a model using
the 121-layer DenseNet model architecture within Image-
Net pre-trained weights, training of weights within the last
14 layers, stochastic gradient descent optimiser with a
learning rate of 0.001, batch size of 32, two fully connected
layers with 32 and 16 nodes, dropout of 40% and L1 regu-
larisation factor of 0.001. The training lasted for approxi-
mately 100 seconds per epoch. Inference took less than 1
second per radiograph.

The ROC AUC for the training, validation, and external
test cohorts was 0.92, 0.90, and 0.92, respectively. Therewas
significant overlap in the CIs for the ROC AUC for the
training, validation, and test cohorts indicating model per-
formance was similar (Table 2). ROC curves are shown in
Fig 3. The model achieved a binary accuracy of 85% and 92%
in the internal validation set and the external test set,
respectively. For the external test set, the sensitivity, spec-
ificity, positive predictive value, and negative predictive
value were 80%, 92%, 32%, and 99%. Diagnostic statistics are
given in Table 2. A confusion matrix for the external test set
is given in Fig 4.

Electronic Supplementary Material Fig. S2 shows failure
analysis using CAMs for individual radiographs in correct
and incorrect predictions. Electronic Supplementary
Material Fig. S3 shows the summation of all CAMs in the
validation and training data sets for each class. The non-
critical class showed high activation values to be concen-
trated within the inferior mediastinum and the left upper
quadrant of the abdomen. Conversely, the critical class
showed activation mainly within both the right and left
lower lung zones.



Table 2
Diagnostic statistics of the model for the training (Imperial College Health-
care NHS Trust), validation (Imperial College Healthcare NHS Trust), and test
cohort (University Hospital Galway).

Training Validation Test

AUC 0.92 (0.91e0.93) 0.90 (0.87e0.93) 0.92 (0.90e0.94)
Sensitivity 0.85 (0.84e0.86) 0.90 (0.76e0.96) 0.80 (0.67e0.88)
Specificity 0.82 (0.81e0.83) 0.80 (0.69e0.91) 0.92 (0.91e0.94)
Positive

predictive
value

- - 0.32 (0.27e0.36)

Negative
predictive
value

- - 0.99 (0.98e0.99)

Accuracy 0.84 (0.83e0.85) 0.85 (0.76e0.91) 0.92 (0.90e0.93)

Ninety-five per cent confidence intervals are included in parentheses. Posi-
tive and negative predictive values were not obtained for the training and
validation data sets as they were enriched with critically misplaced enteric
tubes.
ROC AUC, area under the receiver operator characteristic curve.

Figure 4 Confusion matrix for external test data set. A positive test
refers to a critically misplaced enteric tube.
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Discussion

Feeding through an enteric tube misplaced in the respi-
ratory tract can have devastating consequences. The
misinterpretation of enteric tube position on chest radio-
graphs is the most common cause of feeding through an
enteric tube misplaced within the respiratory tract [6].
Therefore, an automated method to interpret enteric tube
position on chest radiographs, incorporated alongside other
safety protocols, may reduce “never events” associated with
chest radiograph misinterpretation. The present study de-
scribes, for the first time in the literature, the development
and the external validation in a dataset of consecutive ra-
diographs of an algorithm that can accurately identify
critically misplaced enteric tubes.

Multiple studies have demonstrated the value of deep
learning in the assessment of the position of in-dwelling
tubes and catheters [16,17]. Singh et al. achieved an AUC
of 0.87 in identifying critical enteric tube position (using a
cohort consisting of 174 critically positioned enteric tubes)
[18]. Crucially, however, their model performance was not
assessed on an independent external data set, which is
Figure 3 Receiver operator characteristic (ROC) curves with 95% confid
showing a ROC area under the curve of 0.92, 0.90, and 0.92, respectively
increasingly considered to be a critical part of algorithm
assessment [19e23].

The present study describes the development and
external testing of an algorithm that accurately identifies
enteric tubes misplaced within the respiratory tract on
chest radiography. The model achieved an AUC of 0.90 in
the internal validation set and 0.92 in the external test set.
In the external dataset, the algorithm was more specific
(92%) than it was sensitive (80%) and had a greater NPV
(92%) than PPV (32%).

Notably, while a drop-off in performance is expected in
external data sets due to over-fitting, the binary accuracy
and the ROC AUC were both higher in the external data set
than the internal validation data set. This increase in model
performance may reflect the much lower incidence of
critically misplaced enteric tubes in the external test data
set in the context of a model that can more confidently
identify safely positioned enteric tubes (which would be
ence intervals for (a) training, (b) validation, and (c) test data sets
.
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expected as safely positioned nasogastric tubes made up
approximately 75% of the training data set). As there was no
significant drop-off in model performance on the external
test set, this suggests that the model generalises well to
independent data. The model’s generalisability is likely to
have been aided by the multiple pre-processing and data
augmentation steps, such as contrast equalisation and re-
alignment, which reduces the effect of technical variation
caused by differences in the radiograph acquisition using
different hardware.

The 121-layer DenseNet architecture was used as there
are multiple examples in the literature of its successful
implementation in chest radiograph interpretation
[13,18,24e26]. Perhaps unsurprisingly, training a naive
model caused unavoidable model overfitting as the model,
consisting of approximately 7million parameters, is capable
of effectively memorising the training data set. Therefore,
transfer learning using pre-trained weights from ImageNet
and CheXNet were used. Interestingly, pre-trained weights
from ImageNet (trained to classify everyday objects such as
food items, cats, and airplanes) outperformed pre-trained
weights from CheXNet (used to classify disease on chest
radiographs). A possible explanation for this is that sharp
edges, likely to be a feature required for the identification of
an enteric tube, are well represented within the ImageNet,
but not the CheXNet, pre-trained weights. This observation
highlights how the nature of both the input images and the
task to be performed should be considered in the choice of
pre-trained weights to fully exploit the benefits of transfer
learning.

Failure analysis using CAMs highlighted shortcomings
in the model. False positives were caused by sharp edges
within the lower zones, for example, due to ECG leads and
endobronchial barium (Electronic Supplementary Material
Fig. S2). False negatives occurred when multiple tubes
were included in the radiograph. For example, a radio-
graph of a patient with two enteric tubes, one safely
positioned and one misplaced in the left main bronchus,
was falsely classified as safe. This error may have arisen
because the algorithm more confidently identifies, and
therefore prioritises, safely positioned enteric tubes over
critically misplaced enteric tubes, reflecting the class
imbalance in the training set. Although the CAMs high-
light regions surrounding the enteric tube in the vast
majority of cases, there were multiple cases where regions
unrelated to the enteric tube were highlighted. This may
reflect either the inherent limitations of CAMs (which is a
2D representation of a multi-dimensional neural network)
or that in certain cases, the model is activated by irrele-
vant features when making predictions. Deep-learning
techniques that analyse the entire image may therefore
classify the radiograph using irrelevant image features.
This drawback could be avoided by segmentation of the
enteric tube prior to classification; however, while this
method has been attempted with other catheters [27], it
adds further complexity to the algorithm and is therefore
a source of further error. As such, segmentation of cathe-
ters or tubes has not been shown to be more accurate than
analysis of the whole image.
The continuous variable output of a neural network can
be considered a measure of the confidence in the predic-
tion. Therefore, an optimal cut-off can be determined
based on the consequences of either a false negative or a
false positive result. Arguably, the potentially dire com-
plications associated with a misplaced enteric tube would
warrant the loss of specificity (and accuracy) in favour of
improved sensitivity. The algorithm could operate coop-
eratively with clinicians; the prediction of a misplaced
enteric tube with a high level of confidence could issue an
entry into the patient’s electronic health record, prohibit
the prescription of enteral feeding, and automatically alert
the clinical team. The prediction of a safely positioned
enteric tube with a high level of confidence could permit
an appropriately qualified clinician to “clear” the enteric
tube for use without the input of a radiologist before
initiating feeding. Predictions made with a lower level of
confidence could simply flag the radiograph for expedited
review by a radiologist.

There are several limitations of this study that should be
considered. Firstly, while performance has been tested us-
ing an external data set consisting of consecutive radio-
graphs with a real-world incidence of critically
misplacement of the enteric tube, prospective evaluation is
the optimum method of determining model performance.
Secondly, while the model achieves a high level of accuracy,
false negatives (13/64, 20%) are observed, and therefore, the
model would not operate independently; radiologist review
would still be necessary. Notably, it would be possible to
reduce the number of false negatives by changing the
classification cut-off to favour sensitivity over specificity.
Thirdly, enteric tubes are more commonly misplaced in the
right main bronchus than the left main bronchus, trachea,
or oropharynx. Therefore, it is possible that enteric tubes
placed in these locations will be less reliably identified than
those in the right main bronchus. Fourthly, enteric tubes
have either a radiopaque tip (w2 cm) or a full-length radi-
opaque guidewire. Identification of an enteric tube with
only a radiopaque tip, safely positioned or otherwise, is a
more challenging task. It is therefore likely that the classi-
fication accuracy of these enteric tubes is overestimated.
Fifthly, as detailed above, in a method that does not
segment that path of the enteric tube, the algorithm is likely
to classify radiographs using information that is irrelevant
to enteric tube placement, e.g., lower lobe collapse. Lastly,
neonates and children were not included in this study due
to insufficient data. One study has shown that the rate of
enteric tube misplacement is higher in the neonatal and
paediatric population than in adults [28]. Although it is
possible that this model can identify misplaced enteric
tubes in the paediatric population, this has not been
formally assessed.

In conclusion, the present study describes the develop-
ment and external testing of a model that can identify a
misplaced enteric tube rapidly and accurately on a chest
radiograph. Clinical implementation of this algorithm, in
conjunction with all other safety measures for ensuring
correct enteric tube positioning, could help reduce the risk
of patients suffering from the catastrophic consequences of
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feeding through an enteric tube misplaced within the res-
piratory tract.
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