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Artificial Intelligence (AI)
algorithms are exquisitely
suited to obtain measurements and segmentations
from medical images,
because they do not
require hours of manual
work.

Author:
Maurits Engbersen, Aidence

In addition, automatic
analysis eliminates
inter- and intra-observer
differences, as the
segmentation results will
always be the same for
the same input image.

This article outlines our approach to building up a body of
clinical evidence for the validity and utility of Veye Lung
Nodules, our AI solution for pulmonary
nodule management on chest CTs.
By sharing our example, we also hope
to provide radiologists
looking to adopt AI
with a practical guide
for assessing available
publications.
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Can radiologists diagnose faster
and more accurately through the
use of AI tools?

There have been significant improvements in artificial intelligence (AI) over the last decade. Advances in computing technology combined with the availability of vast amounts of training
data have led to AI applications solving many
challenging problems in everyday life.
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From research to
clinical practice:
Building a body
of evidence for
radiology AI
Author:
Maurits Engbersen, Aidence

When it comes to medical imaging AI,
the proof is in the clinical studies. Or
should be. While a quick PubMed
search of “AI” and “radiology” returns
more than 10,000 hits, only 36 of the
100 CE-marked AI solutions
assessed by Kicky Van Leeuwen et al.
are supported by peer-reviewed
scientific publications.
Most of these studies focus on mere
model performance, which is often
insufficient to distil how the solution
benefits clinical practice. Research
into the impact of AI on physician
decision-making, patient outcomes,
or cost-effectiveness is just as
relevant to determine its value.

This article outlines our approach to
building up a body of clinical evidence
for the validity and utility of Veye Lung
Nodules, our AI solution for pulmonary nodule management on chest
CTs. By sharing our example, we also
hope to provide radiologists looking
to adopt AI with a practical guide for
assessing available publications.

The evidence
development roadmap
With radiology AI still in its early
stages, there is no definite track of
requirements to prove its worth.
Thus, we took inspiration from
existing examples, such as the
evidence development frameworks

for biomedical diagnostic tests and
digital health technologies, to create
our own pathway. (Fig. 1).
The roadmap to building evidence for
Veye Lung Nodules has four stops
leading to adoption, as shown in

CONTINUES

1. Analytical validity: The
stand-alone model performance

2. Clinical validity: The
impact on the radiologist’s performance

This foundational stage involves
showing the model’s stand-alone
performance: how well it does the
task for which it was trained, e.g.,
detecting lung nodules on chest CTs.

Radiology AI today is, with very few
exceptions, assistive technology. It
supports radiologists in their work
rather than autonomously performing
any of their tasks. Thus, at this stage,
we look at the human-machine
interaction.

Analytical validity studies serve three
goals:
• Report on the model’s development;
• Assess its performance on “unseen”
data (external validation);
• Address its generalisability to different scanners and patient populations.
The STARD guidelines, supplemented
by the TRIPOD statement, can guide
researchers in the appropriate reporting
of prediction models or diagnostic tests.
Adaptations specific to AI interventions
are, nonetheless, necessary.

Essentially, we view the AI not just as
a performing model but as a medical
device providing a solution to a
clinical challenge. Determining its
validity often equals demonstrating
that the solution enhances the radiologist’s assessment. This means, for
example, that the radiologist detects
more actionable pulmonary nodules
when aided by AI than without it.

3. Clinical utility: The
impact on the patient,
radiologists, and healthcare outcomes
Medical imaging is often the starting
point of a care pathway. Subsequently, AI’s improvements in the radiology
workflow may have a major effect
down this pathway.
For instance, our AI solution delivers
the pulmonary nodules’ location,
composition, and size metrics. The
availability of this analysis may
improve the radiologists’ performance, i.e., increase their speed and
accuracy. The outcomes could be
significant. Fewer unnecessary
follow-up CT scans mean less patient
anxiety, time savings, and lower
costs. The early detection of a malignant lung nodule would be a
life-changing result for the patient.

Following the downstream improvements mentioned above, the overall
cost impact of a tool like Veye Lung
Nodules can be considerable. By
detecting one or two malignant
nodules the radiologist alone would
have missed, a hospital could save
tens of thousands of euros in cancer
treatment costs annually.
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Figure 1. Good to note that some of
these studies are also required to
access the healthcare market via
certification, such as the EU’s Medical
Device Regulation.

Studies on Veye Lung
Nodules
At Aidence, we’re in the midst of our
effort to build an evidence base for
our AI lung nodule solution. Here is a
glimpse into our research library
today, in line with the framework
above.

Study for CE marketing
The clinical performance of Veye
Lung Nodules was validated for CE
marking in 2018 in a retrospective
reader study in collaboration with the
University of Edinburgh and NHS
Lothian. The study was published in
2022 as a peer-reviewed article by
Murchison et al..

Let’s zoom in on what each of these
steps entails. The next section will
show examples for each category.
CONTINUES BELOW, LEFT

Evidence of the downstream
outcomes of the solution’s implementation is as fundamental for its
clinical adoption as pure regulatory
body-approved market access. This
stage may include varied study
designs, from small retrospective
formats
addressing
specific
questions to larger prospective
(randomised) trials establishing highlevel evidence, if resources allow it.
Depending on the study design,
research in this phase can be guided
by the CONSORT, SPIRIT or STROBE
guidelines.

4. Cost-effectiveness:
The impact on healthcare
costs
Finally, cost-effectiveness can be
estimated by considering all
CONTINUES BELOW, LEFT

CONTINUES

previously obtained evidence as
assumptions in economic and
cost-effectiveness modelling exercises.

(FIG. 1) CLINICAL EVIDENCE DEVELOPMENT AT AIDENCE

Veye’s models. The curve plots the
sensitivity against the mean false
positive findings per scan, over
various possible model thresholds
and device operating points. On
default settings, Veye detects
nodules between 3 and 30 mm at a
sensitivity of 91% at the cost of one
false positive per scan. (Fig 2).

The Free-Response Receiver Operating Characteristic (FROC) curve
below illustrates the accuracy of
This is a publication of Aidence. Read more articles on www.aidence.com/articles

Veye Lung
Nodules
The proven AI
solution for lung
cancer screening

Visit us
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CONTINUES ON NEXT PAGE

The MedAI Times

RNSA Edition | November 2022

The MedAI Times
CONTINUES FROM PAGE 2

Murchison et al. also showed that
radiologists detect more lung nodules
that may need follow-up when using
Veye Lung Nodules. Unaided by Veye,
the radiologists reported a sensitivity
of 71.9% for detecting actionable
nodules on 273 scans. This increased
to 80.3% with Veye’s support, an
almost 10% sensitivity boost.
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(FIG. 2) VEYE LUNG NODULES PERFORMANCE - CE MARKING

Another notable metric is the Dice
Similarity Coefficient (DSC), which
describes the similarity between two
segmentations: those made by radiologists and those by Veye Lung
Nodules. Murchison et al. reported a
mean DSC of 0.86 for Veye’s and the
radiologist’s segmentations of the
found lung nodules; the DSC between
the radiologist’s segmentations was
0.83. So, the overlap of segmentations between Veye Lung Nodules
and a radiologist seems greater than
among radiologists themselves.
Moreover, the average difference in
diameter measurements between
radiologists and Veye was ± 1.17 mm.
This was similar to the differences
among radiologists (± 1.15 mm).
CONTINUES BELOW, LEFT

The effects of CT reconstruction
settings on Veye Lung Nodules’
output were further addressed by
Blazis et al. in a European Journal of
Radiology study. While different
reconstruction settings impacted
Veye’s output, performance was as
expected with the clinically preferred
reconstruction settings for chest
CTs.

Stand-alone performance
confirmed
Martins Jarnalo et al. reported their
own external validation of Veye’s
stand-alone performance in routine
practice.
They
retrospectively
analysed 145 patient CT scans from a
teaching hospital in the Netherlands.
Veye’s sensitivity was 88%, with a
negative predictive value of 95%. 90%
of the nodule diameters provided by
Veye differed by one mm or less from
the radiologists’ measurements.

We will further support all these
publications with a new reader study,
part of our pending 510(k) approvals.

(FIG. 3) VEYE LUNG NODULES
PERFORMANCE - EXTERNAL
VALIDATION

These results indicate strong performance, in line with the CE marking
specifications. The study was
published in Clinical Radiology. (Fig 3).

Efficiency study
Hempel et al. first touched upon
whether Veye Lung Nodules affects
radiologists’ agreement in a small
pilot study. It showed that the readers
were more likely to reach a consensus on patient management recommendations when using Veye. What’s
more, they came to their conclusion
almost 40% faster, despite a washout
period of six months. To learn more
about findings, read our “Radiologists
reporting on CT with Veye Lung
Nodules save time and reach higher
agreement” summary
on our news page.

INPACT
These efficiency study results
inspired a sizeable prospective study
led by a team at the University of
Edinburgh and NHS Lothian: INPACT.
It aims to determine if reporting
radiologists using Veye are more
likely to agree with experienced
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Exploring the clinical
utility
As mentioned, the value of an AI
solution often exceeds its primary
task. Veye Lung Nodules aids in
detecting, classifying, quantifying,
and assessing the growth of pulmonary nodules. Assisted by its clinical
features, radiologists may make
better decisions, which will have
cascading effects.
We started exploring some of these
effects together with physician-scientists at various hospitals. Here are the
main projects:
CONTINUES BELOW, LEFT

thoracic radiologists when managing
lung nodules in routine clinical
practice. The project is live in six UK
sites, with the NHS’ support through
the AI award.
In collaboration with Hardian Health,
we will further use the outcomes and
all other evidence in a cost-effectiveness analysis.

Research into volumetry
At the 2022 European Congress of
Radiology, I. Gimbel shared the
preliminary results of another promising study. It indicated that the availability of Veye’s volumetric analysis
could have led to earlier discharges
in 18.5% of patients. The final results
are pending.

On our way
Although many companies offer AI solutions for radiology,
evidence for these at various stages is often lacking. One
reason is that, though widely discussed, the implementation of medical imaging AI is still relatively new. It
takes time to collect enough data and obtain the
resources to do so in a clinical research setting,
be it retrospective or prospective. Public-private
collaborations are crucial, but can be
time-consuming.
At Aidence, we will continue to encourage, facilitate, and collaborate in
research initiatives to substantiate our
clinical claims further. Clinical
research is also vital in post-market
surveillance, next to customer
feedback and audits.
Soon, we will be able to address every step in our evidence development pathway. Undoubtedly,
more questions will arise along the way, and we will be ready to tackle those as well!

This is a publication of Aidence. Read more articles on www.aidence.com/articles
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Deep learning applications in
radiology: a deep dive on
medical image segmentation
Author:
Pim Moeskops PhD, Quantib

Measures like organ volumes, tumor
dimensions or size of lymph provide
valuable information for radiologists
to use in diagnostic processes.
However, obtaining those measurements manually is a tedious and
time-consuming job.
Therefore, automatic medical image
segmentation has been an important
topic of research in the last decades.
Artificial Intelligence (AI) algorithms
are exquisitely suited to obtain measurements and segmentations from
medical images, because they do not
require hours of manual work. In
addition,
automatic
analysis
eliminates inter- and intra-observer
differences, as the segmentation
results will always be the same for
the same input image. Deep
learning-based
methods
have
especially claimed some impressive
results over the past few years. But

CONTINUES

Voxel-based segmentation
A voxel-based approach looks at each
voxel separately and determines
whether it is part of the structure you
want to segment.
A very basic example of a
voxel-based segmentation algorithm

how exactly do these algorithms
work? And why are they so suitable
for medical image segmentation?

(FIG. 4) A SNAKE MODEL ADJUSTS A CONTOUR
IN MULTIPLE STEPS TO GET TO A SEGMENTATION

AI methods to segment
medical images
Contour-based segmentation
A contour-based approach searches
for the border between the structure
to be segmented and its surroundings.
A classic contour-based segmentation method is the active contour
model also known as snakes. This
algorithm starts with an initial
contour close to the object that you
want to segment. Subsequently, it
looks at voxels right next to those that
are part of the contour to see whether
these are brighter or darker than the
contour voxels. Based on this
information the contour until it finds
its optimal position. (Fig. 4).

is simple thresholding. This method
looks at the intensity of a voxel and
compares it to a set threshold. If the
voxel is above the value, the
algorithm will mark it as part of the
structure while if the voxel is below
the value it will be marked as
“surroundings”. This method only
works well for structures that have a
very different intensity from their
surroundings and are not too affected
by noise. (Fig 5).

(FIG. 5) SIMPLE
THRESHOLDING
IS USED TO
SEGMENT AN
IMAGE BASED
ON VOXEL
INTENSITY

(FIG. 6)
A REGISTRATION-BASED
SEGMENTATION
ALGORITHM
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Originally published by Quantib.
Read more articles on https://www.quantib.com/blog

Registration-based
methods
The idea of a registration-based
segmentation method is that you
already have a segmented structure
in one image and you want to have
that same structure segmented in the

second one. You’ll need a transformation, meaning a very exact description
of how you need to deform the first
image, so that it becomes the second
image. Applying this same transformation to the segmentation of the
first image will provide you the
segmentation for the second image.
(Fig. 6).
CONTINUES ON NEXT PAGE
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Which deep learning
networks are the best for
segmentation in radiology and how do they work?
Convolutional neural networks
(CNNs)
A CNN is a specific form of a deep
neural network. It uses a combination
of convolution steps, meaning applying a certain filter to each pixel in the
image, and pooling steps, meaning
downsampling the image.These
steps are performed in different
layers of the neural network. After
applying both steps a couple of times,
the algorithm has filtered out the
most important information in the
image and is able to determine what
the image contains.
Not every CNN is explicitly suited for
segmenting objects. For (medical)
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image segmentation, a straightforward approach would be to apply a
standard CNN to each voxel separately.For that, the CNN receives a selected patch around the voxel as input
that will be classified. To segment the
full image, this process will have to be
repeated with all the voxels of the
image.

Fully convolutional networks
(FCNs)
An FCN can contain convolutional
and pooling layers; however, it
compensates for the downsampling
in the pooling layers by adding
upsampling layers that increase the
dimensions of the image until it is at
its original size, and can therefore be
trained to produce a voxel-based
segmentation as output. (Fig. 7).

(FIG. 7) A FCN ASSURES THE SEGMENTATION
OUTPUT OF THE NETWORK HAS THE SAME SIZE
AS THE INPUT MEDICAL IMAGE BY USING
UPSAMPLING LAYERS.

CONTINUES BELOW, RIGHT

(FIG. 8) A U-NET IS A SPECIFIC TYPE OF FULLY
CONVOLUTIONAL NETWORK, NAMED AFTER THE
U THAT IS PRESENT IN MOST SCHEMATIC
REPRESENTATION OF SUCH A NETWORK

CONTINUES

U-net
Another example of a CNN that has
the dedicated characteristics for
image segmentation is a U-net. It
contains both convolutional layers
and pooling layers in the first part (the
left side of the U in the image below),
hence this is where the image gets
downsampled. However, the network
will upsample the image again by
using upsampling layers until dimensions are the same as the input layer
(the left side of the U in the in figure
8). A U-net is very similar to an FCN,
and you could even say it is a type of

CONTINUES

Dilated convolutional
network
Another type of network specifically
developed for segmentation are
dilated CNNs. Where regular CNNs
use a filter of voxels that are all next
to each other, dilated CCNs uses a
filter from voxels that are spread over
a wider area.
Dilated CNNs use multiple layers of
these special filters with different
“dilation”, i.e. the distance between
the voxels used in the filter is not
always the same. This allows the
network to include a lot of surrounding information to get to a decision
for all voxels in the image without the
use of pooling layers.The benefit is
that the network does not need to
downsample and later upsample to
get to the right size for the output
segmentation. (Fig. 9)

(FIG. 9) A DILATED CONVOLUTIONAL NEURAL NETWORK USES DILATION TO COLLECT
INFORMATION FROM A WIDER PATCH OF PIXELS WITHOUT POOLING LAYERS

The MedAI Times

Originally published by Quantib.
Read more articles on https://www.quantib.com/blog

FCN. The characteristic factor is that
a U-net has connections between the
downward path and the upward path
(grey arrows in the image below).
Thus, it uses information in the
upsampling process that was otherwise lost during downsampling.
(3D) U-nets have been widely used for
medical image segmentations in
recent years. A very successful
iteration is called nnU-net (no new
net), which hasshown great results in
a large variety of segmentation tasks.
(Fig 8).
CONTINUES BELOW, LEFT

Transformers

Conclusion

In the recent years, transformers have
been gaining popularity in various
deep learning tasks. Originally
transformers are developed for
natural language processing (NLP),
where they take a sentence as input
and translate such a sequence of
words into another language. This
approach can be used in computer
vision tasks by splitting the image
into a sequence of image patches,
corresponding to the sequence of
words in NLP. In medical image
segmentation this approach has been
combined into U-net like networks
such as TransUNet and UNETR,
showing promising results.

As you can see, there are many different possibilities to approach medical
image segmentation. Deep learning,
and especially FCNs, are exquisitely
suited for image segmentation.
However, the decision on which one
you should use depends on your
training data, input scans, and what
you are trying to segment.

Curious to learn more
about AI in radiology?
Read our Ultimate Guide
to AI in radiology
Scan the
QR code:
or go to:
https://www.quantib.com/
the-ultimate-guide-to-ai-in-radiology

Find sources on https://www.quantib.com/blog/
medical-image-segmentation-in-radiology-using-deep-learning
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Can radiologists diagnose
faster and more accurately
through the use of AI tools?
Author:
Mehmet Yigitsoy | Principal AI Engineer | Head of AI Labs at deepc

A case study in head computed
tomography diagnosis.
There have been significant improvements in artificial intelligence (AI)
over the last decade. Advances in
computing technology combined with
the availability of vast amounts of
training data have led to AI applications solving many challenging
problems in everyday life. With the
ever-increasing number of imaging
studies up to a billion/year worldwide,
radiology is one of the application
areas where AI can help relieve the
increasing burden on healthcare
specialists.

A real-world study:
Are radiologists faster,
more accurate, and more
confident using an
AI-augmented CT head
anomaly detection tool?

What tangible value can
AI solutions bring to
radiology?

A recent study on the clinical utility of
AI tools was published in the Journal
of Diagnostics (disclaimer: I am a
co-author). A group of scientists from
deepc and the Department of
Diagnostic
and
Interventional
Neuroradiology at Klinikum Rechts
der Isar of the Technical University
of Munich has investigated whether
AI-based triage of head CT scans can
improve diagnostic accuracy and
shorten reporting times. They are
also studying whether the effects
depend on a radiologist’s experience.

Although AI solutions have proven to
be successful in laboratory environments at large scale, skepticism
remains about whether they can be of
true, clinical value. Ideally, they are
tailored to perform a task that is
time-consuming and/or error-prone
for a radiologist. Real clinical value
can be realized when tedious tasks
such as screening data are supported
by AI while decision-making remains
confided to the human expert.

Four radiologists with levels of experience ranging from 1 to 10 years were
asked to diagnose a total of 80 cases.
50% of the scans were normal, and
the remaining ones presented varying
types and degrees of pathological
findings. The radiologists used a
zero-footprint, web-based DICOM
viewer developed and provided by
deepc to assess the CT scans both
with and without AI augmentation
(Fig.10).

(FIG. 10) REPORTING INTERFACE,
FINCK AND MOOSBAUER ET AL.,
DIAGNOSTICS, 2022

The researchers were particularly
interested in understanding the
influence of AI assistance on 1)
diagnostic accuracy, 2) reporting
time, and 3) subjectively assessed
diagnostic confidence. To assess
the effect, each radiologist was
presented with the scans once with AI
assistance and once without AI assistance after a washout period of four
weeks (see Figure 11). In the case of
AI assistance, the participants were
additionally presented with a classification of the scan into either normal,
pathological, or inconclusive, and a
heatmap overlay of anomalous
regions’ segmentation (see Figure 10,
left). The AI algorithm investigated in
the study provided definite labels
(e.g. normal or pathological) in 75%
of the cases, all of which corresponded to the gold standard annotations,
leading to 100% accuracy in definitely
labeled cases.

Diagnostic accuracy
increases through AI
support — particularly
for less experienced
radiologists

significantly; the NPV increased from
94.1% to 98.2%. Similarly, the positive
predictive value (PPV), expressing the
reliability of studies classified as
anomalous by a radiologist, increased
from 99.3% to 100% PPV. Near
perfect positive and negative predictive values thus became achievable
with AI support. In terms of diagnostic accuracy, the study found that
false positive detectionwas reduced
by two thirds when the read was
augmented by AI. This outcome
becomes particularly interesting in
light of the fact that inexperienced
radiologists tend to be oversensitive
while reading cases. (Fig 12).

Radiologists are up to
25% faster
when using AI
The authors found that the time the
radiologists needed to read the exam
was reduced by 15.7% if AI support
was given. Both experienced and
inexperienced radiologists particularly benefited from AI assistance when

presented with normal scans. For
inexperienced radiologists confronted with normal scans, reporting times
have been reduced by 25.7%. This
finding is especially important since it
gives clear evidence that AI can
indeed help in clinical routine settings
by serving as a “second read”.
Another question that this study
aimed to answer was whether AI
assistance has an influence on the
subjective diagnostic confidence in
reading head CT scans. It was found
that the subjectively assessed
diagnostic confidence did not vary
significantly.

Evaluation of the clinical
value of AI tools is crucial — partnerships with
trusted experts are key
The study presented in the article
demonstrates the clinical utility of
one AI tool. The findings in this study
are a clear message that further
integration of AI in radiological
clinical routine not only improves the
quality of diagnostics but also helps
to cope with the problem of increasing cognitive load on the radiology
workforce. Investigating the clinical
value of AI solutions is a crucial part
of every AI strategy, however, also
resource intensive. AI Platforms like
deepc’s radiology operating system
deepcOS support clinical value evaluation as an independent third party to
make integrating AI solutions into
clinical workflows a seamless and
easy process for radiological institutions.

Amongst studies rated as healthy by
a radiologist, 94.1% were actually
healthy (i.e. negative predictive value;
NPV) if no AI support was given to the
radiologist. With AI support, the
studies falsely classified as healthy
(false negatives) have decreased

(FIG. 11) STUDY DESIGN,
FINCK AND MOOSBAUER ET
AL., DIAGNOSTICS, 2022

(FIG. 12) DIAGNOSTIC ACCURACY, FINCK AND
MOOSBAUER ET AL., DIAGNOSTICS, 2022
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This is a publication of Deepc.
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Smart Reporting GmbH
Joins Imaging AI in Practice
Demonstration at RSNA 2022

Collaborative effort highlights integration of AI into radiology workflow

Author:
Phillip Matthies, Smart Reporting GmbH

Munich, Germany (Nov 7th, 2022) –
Smart Reporting GmbH announced
today that it will take part in the
Imaging Artificial Intelligence in
Practice (IAIP) demonstration to be
held November 27 – 30 at the 108th
Scientific Assembly and Annual
Meeting of the Radiological Society of
North America (RSNA 2022), the
world’s leading annual imaging forum,
at McCormick Place in Chicago.

The IAIP demo is a showcase of new
AI technologies and integration
standards needed to embed AI into
the diagnostic radiology workflow.
The interactive exhibit will enable
attendees to learn what is possible,
identify the right questions to ask,
and learn how to introduce and scale
AI into their radiology practices.
Using real-world clinical scenarios
involving both emergent and
long-term care, 19 vendors with 30
products will walk RSNA 2022
meeting attendees through the exhib-

it to see AI tools, health information
technology standards and reporting
solutions in action.
The demonstration highlights steps
in the radiology workflow where AI
can assist the radiologist and
improve the efficiency and quality of
care: from radiologist scheduling and
imaging examination ordering to
acquisition
protocoling,
image
interpretation with AI clinical decision
support at the point of care,
structured reporting, and electronic
health record integration.

Smart Reporting’s structured reporting solution SmartReports will be part
of a live demo showing the full radiology workflow including Worklist,
PACS, and AI Orchestrator solutions,
an AI findings viewer and AI
solutions. After the review of the AI
findings by the user, the reporting
relevant coded findings are automatically transferred to SmartReports
using HL7 FHIR, where the pre-populated structured reports are generated, and where they can be modified,
augmented, finalized, and distributed
to downstream systems.

IAIP is a collaborative effort between
industry partners, radiologists, and
imaging informaticists. Integration is
made possible through standards
including DICOM (Digital Imaging and
Communications in Medicine), HL7
FHIR (Health Level 7 Fast Healthcare
Interoperability Resource), the IHE
(Integrating the Healthcare Enterprise) framework, CDE (Common
Data Element) reporting, and others.
The IAIP demonstration is located in
the AI Showcase (South Hall A, Level 3).
In addition to the IAIP demo, Smart
Reports can receive the structured
findings from Aidence’s Veye Lung
Nodules solution to automatically
pre-populate reports for lung cancer
screening.
For more information and live
demonstrations, please visit our
team at RSNA 2022 and learn more
about SmartReports.
Faster Input. Better Output. Smarter
Care.
South Hall Level 3, Booth 4936

Disclaimer: Not all of the mentioned integrations and
product features are commercially available as of now.

Visit Smart Reporting

South Hall Level 3, Booth 4936

IAIP

The MedAI Times

This is a publication of Smart Reporting.
Read more about on https://www.smart-reporting.com/en/news

Find sources on
https://www.quantib.com/blog/how-does-deep-learning-work-in-radiology
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