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ower back pain due to lumbar spinal stenosis is a major
lreason for seeking medical care in the United States (1).
Lumbar spine MRI examinations are a major part of bone
radiologists’ routine workload in both community and
university hospital settings. This is due in part to unneces-
sary referrals from primary care physicians (2). Interpret-
ing lumbar spine MRI scans one after another can become
repetitive and monotonous. Thus, an artificial intelligence
(Al) diagnostic tool that reduces radiologists’ burden is al-
ways welcome.

In their interesting study in this issue of Radiology,
Hallinan and Zhu et al (3) developed a deep learning
(DL) model for automated detection and classification of
lumbar central canal, lateral recess, and neural foraminal
stenosis. Their article is an excellent example of how Al
research studies should be reported. The authors adhered
to recommended guidelines for reporting Al studies. This
included training, validation, and test sets for their internal
data set, followed by evaluation of model performance us-
ing an external test set from a different institution outside
the authors’ own country (4). For the reference standard,
an expert musculoskeletal radiologist performed readings
for internal data sets, and another experienced subspecial-
ist musculoskeletal radiologist performed readings for the
external test set. Four additional readers (two musculoskel-
etal radiologists and two neuroradiologists) also performed
intraobserver and interobserver variability assessments.
Very briefly, a two-component DL model was developed.
First, a convolutional neural network was trained to detect
the region of interest, with a second convolutional neu-
ral network for classification. The authors presented clear
examples of how visual grading of lumbar spinal stenosis
was performed in figure E1 (online) of their article. Finally,
their Al algorithm is publicly available. One limitation
of the study is that there was no involvement of general

radiologists without subspecialization for musculoskeletal
radiology or neuroradiology.

Overall, 446 MRI lumbar spine images were included
in the study (446 patients; mean age * standard devia-
tion, 52 years = 19; 240 women), with 396 patients for
training (80%) and validation (9%) and 50 patients (11%)
for internal testing. For internal testing, DL model and ra-
diologist central canal recall was greater than 99%, with
reduced neural foramina recall for the DL model (85%)
and first subspecialist radiologist (84%) compared with the
second subspecialist radiologist (97%) (P < .001). Also on
an internal test set, the DL model showed almost-perfect
agreement (k = 0.92 and 0.96, respectively; 2 < .001)
for dichotomous classification (normal or mild vs moder-
ate or severe) of lateral recess and central canal stenosis,
similar to that of subspecialist radiologists (k = 0.92-0.98,
P < .001). The DL model also showed almost-perfect
agreement for dichotomous classification of neural fo-
raminal stenosis (k = 0.89, P < .001), which was slightly
reduced compared with that of subspecialist radiologists
(k = 0.94 and 0.95, P < .001). Finally, external testing of
the DL model based on a data set from a different institu-
tion showed substantial levels of agreement between the
DL model and a subspecialist radiologist for all regions of
interest (k = 0.95-0.96, P < .001).

Although there have already been several published re-
ports on the use of DL models for the evaluation of lumbar
spinal stenosis, specifically for grading central canal steno-
sis and neural foraminal stenosis (5-8), to my knowledge,
this study is the first to report automated detection and
classification of lateral recess stenosis specifically. This gives
it some originality. Describing lumbar lateral recess ste-
nosis is clinically relevant, as it can be specifically targeted
for treatment with endoscopic surgical decompression (9).
Moreover, compared with SpineNet (2017), a multitask
architecture for automated classification of lumbar spinal
conditions including grading of central canal stenosis, the
DL model presented by Hallinan and Zhu et al (3) showed
a seemingly better outcome, with k values of 0.82 and 0.96
for ordinal and dichotomous classification of central canal
stenosis, respectively (2 < .001). SpineNet had a slightly
lower performance, with agreement of 65.7% for ordinal
grading of central canal stenosis and 94% (k = 0.75) for di-
chotomous grading. Overall, Hallinan and Zhu et al dem-
onstrated the technical feasibility of their DL model for use
as a diagnostic tool to evaluate lumbar spinal stenosis in
a semiautomated fashion with supervision of radiologists
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See also the article by Hallinan and Zhu et al in this issue.
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and with the potential to produce more consistent and less sub-
jective reports.

A key issue with any Al-related productivity-enhancing tool
is that as radiologists, we must effectively use them so that non-
radiologist colleagues do not think of eliminating the need for
our diagnostic expertise. Unfortunately, this is particularly true
in the field of orthopedic imaging regarding bones, joints, and
the spine. Based on anecdotal evidence in real-life clinical prac-
tice, especially at large academic institutions in the United States,
some orthopedists can already perform image interpretation and
preoperative measurements of joints and the spine at radiogra-
phy, CT, and MRI themselves using software tools and three-
dimensional printers they own. As radiologists, we must provide
value-added service to the referrers so that they appreciate our
diagnostic lumbar spine MRI report—high-quality, standard-
ized, and appropriately aided by the validated Al-based tool—
while, at the same time, optimizing our own efficiency and pro-
ductivity. Now that technical feasibility has been demonstrated,
the next step of the research will be to assess how this Al-aided
lumbar spinal stenosis reporting can actually benefit radiolo-
gists. Benefits may include a reduction in reading time, more
standardized reporting with less intrareader and interreader vari-
abilities (especially for general radiologists who read spine MRI
scans), and lower costs—requiring a cost-effective analysis with
or without implementation of the Al tool. Finally, we must ask
how it may benefit referring clinicians. For example, can it offer
improved quality of patient care to treat lower back pain, thus
resulting in fewer unnecessary referrals?

For instance, a very recent article published in a journal
focusing on spine surgery reported the use of Al for grading
lumbar spinal stenosis and compared its performance against
the radiologist’s stenosis grading (10). The study showed that
radiologist and Al grading were equally predictive of a success-
ful outcome of endoscopic decompression surgery. This study
was a product of collaborative research between the orthopedic
spine surgeon and the radiologist (as well as the vendor of the
Al algorithm), providing correlation with surgical and clinically
relevant outcomes.

I believe it is this sort of multidisciplinary collaborative Al re-
search that will become increasingly important so that referring

clinicians’ needs and radiologists’ needs align. However, this can
be a potentially complicated issue, given the needs for different
categories of physicians and allied health care professionals who
refer their patients for lumbar MRI (ie, orthopedists, rheuma-
tologists, family physicians, chiropractors, physiatrists). Another
way to advance this research would be to add longitudinal analy-
sis with multiple time points and correlate these findings with
changes in patients’ clinical status to predict outcomes and vari-
ous therapeutic options.
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