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Cross-sectional imaging displays anatomic structures  
beyond the strict clinical indication for performing the 

examination. Radiologists, in turn, must process and man-
age this additional data responsibly. For example, an ab-
dominal CT examination for suspected diverticulitis will 
not only address the focused clinical query but will also 
include comprehensive imaging of the entire abdomen and 
pelvis. This has raised appropriate concern for unnecessary 
subsequent work-up related to “incidentalomas.” In con-
trast, opportunistic CT screening approaches incidental 
imaging data in a resourceful and systematic fashion by  
leveraging the wealth of body composition and other imag-
ing findings available within all body CT scans.

The recent surge in interest in CT-based opportunistic 
screening over the past few years may be best explained by 
a confluence of factors. First, CT provides a comprehensive 
and objective assessment of the imaged anatomy, regardless 
of its relationship to the specific clinical indication. These 
body composition data require no additional patient time or 
exposure and can be derived retrospectively long after a study 
is performed (1,2). In addition, specific pathologic findings 
incidental to the clinical indication for imaging may be un-
covered. Second, body CT scans are very common, and the 
large volume is in part a reflection of their inherent clinical 
value. This value can be further enhanced with opportunistic 
screening measures that can help better assess biologic age, 
provide effective risk stratification, and detect presymptom-
atic disease (3,4). Third, the emergence of artificial intelli-
gence (AI) methods to automatically segment and process 
this underutilized data by means of deep learning allows for 
both rapid and objective algorithms that are scalable and in-
defatigable (Fig 1) (1,5,6). Importantly, many of these auto-
mated body composition algorithms are analogous to man-
ual methods that have demonstrated value but are somewhat 
onerous to repeatedly apply. They represent “explainable AI” 
that can be understood and visually confirmed, avoiding 

any nontransparent “black box” uncertainty. Finally, the 
clear and appropriate shift from volume-based practice to-
ward value-added approaches makes opportunistic screening 
highly attractive, enhancing both quality and service at little 
or no additional cost but also with downstream potential for 
increased revenue.

“Opportunistic Screening” in Medicine and 
Radiology
As an adjective, opportunistic generally refers to exploiting 
chances offered by immediate circumstances, and it often 
conveys negative connotations in everyday usage, some-
times characterized as devious, scheming, unscrupulous, or 
unprincipled. In the medical screening context, however, a 
more literal sense along the lines of “resourceful” applies. In 
general medical practice, opportunistic screening refers to 
exercising prevention in an unorganized program or chance 
encounter. Colorectal cancer screening in the United States 
is a prime example, where most testing is not program-
matic but typically stems from a routine clinical visit. 
Other opportunistic cancer screenings in the United States 
have variously included oral, breast, cervical, and prostate 
cancers. Genomic testing in otherwise healthy patients is 
an emerging area of opportunistic screening that raises a 
number of ethical issues that warrant serious consideration.

Within the realm of radiology, opportunistic screen-
ing refers to the practice of leveraging incidental imaging 
data unrelated to the clinical indication, generally for the 
purpose of wellness, prevention, risk profiling, or presymp-
tomatic detection of relevant disease (Figs 1–11). Until 
recently, relatively little thought has been given to system-
atically using “extraneous” imaging information within the 
field of radiology. Early applications have largely centered 
around body CT imaging, with an initial focus on oppor-
tunistic osteoporosis screening. As noted by Boutin and 
Lenchik in their recent review (2), the 2011 osteoporosis 

Opportunistic CT screening leverages robust imaging data embedded within abdominal and thoracic scans that are generally  
unrelated to the specific clinical indication and have heretofore gone largely unused. This incidental imaging information may 
prove beneficial to patients in terms of wellness, prevention, risk profiling, and presymptomatic detection of relevant disease. The 
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CT-based body composition measures, the emergence of fully automated explainable AI solutions, the sheer volume of body CT 
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and predict future adverse cardiometabolic events rivals even the best available clinical reference standards. Emerging data suggest 
that standalone “intended” CT screening over an unorganized opportunistic approach may be justified, especially when combined 
with established cancer screening. This review will discuss the current status of opportunistic CT screening, including specific body 
composition markers and the various disease processes that may be impacted. The remaining hurdles to widespread clinical adoption 
include generalization to more diverse patient populations, disparate technical settings, and reimbursement.
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study by Pickhardt et  al (7) appears to be the first to refer to 
“opportunistic screening” with regard to CT imaging. However, 
it was the subsequent larger 2013 CT-based publication in the 
Annals of Internal Medicine where “opportunistic screening” first 
appeared in the title (8). The term has since been widely ad-
opted in the CT literature, although alternatives may include 
value-added, fortuitous, incidental, or serendipitous imaging. It 
should be clarified that “opportunistic screening” does not imply 
that the imaged patient is healthy and without symptoms, or 
that the clinical indication for imaging is for screening. Rather, 
the vast majority of the many millions of body CT scans ob-
tained each year are for reasons other than asymptomatic screen-
ing (rare exceptions include colorectal and lung cancer screen-
ing). The opportunistic add-on, however, represents an effort to 
screen for silent underlying conditions or risk factors that are 
incidental to the indication for scanning. The concept of inten-
tional CT screening, whether “whole-body” or more limited, is 
discussed in greater detail in the following sections.

Incidental Imaging Data: A Double-edged Sword
CT scans are inherently data-rich beyond their clinical indi-
cation, which can have both favorable and unfavorable con-
sequences. For the most part, the perceived negative aspects 
regarding incidentalomas have garnered the most attention to 

Abbreviations
AI = artificial intelligence, BMD = bone mineral density, CAC = coro-
nary artery calcium, CMS = Centers for Medicare and Medicaid Ser-
vices, CTC = CT colonography, DXA = dual-energy x-ray absorptiom-
etry, HU= Hounsfield units, CT, ROI = region of interest

Summary
Systematically harnessing the rich imaging biologic markers present 
within all body CT scans, whether by manual or AI-based automated 
methods, can add substantial value to an already worthwhile imaging test.

Essentials
 n Abdominal and thoracic CT scans contain robust data incidental 

to the imaging indication that can and should be leveraged for 
patient benefit.

 n Body composition measures and other CT imaging biologic mark-
ers demonstrate clinical value for risk stratification and prevention, 
rivaling the best available clinical reference standards.

 n CT-based opportunistic screening markers can be fully automated 
and represent understandable or explainable AI applications.

 n By demonstrating improved population health outcomes, these op-
portunistic CT-based measures should be attractive to both payers and 
health care systems as value-based reimbursement models mature.

 n Emerging data may eventually prove compelling enough to justify 
standalone “intended” CT screening, especially when combined 
with cancer screening.

Figure 1: Case examples of fully automated CT-based body composition measures from six different older adult patients (over 60 years of age). 
Noncontrast (top row) and postcontrast (bottom row) CT images at the L1 vertebral level demonstrate artificial intelligence–based segmentation of 
skeletal muscle, visceral fat, subcutaneous fat, aortic calcium, liver, and spleen. The green region of interest is intended for assessment of trabecular 
bone mineral density. These visual correlates allow for rapid quality assurance for correct tissue segmentation, although multisection review would be 
needed to fully confirm some measures. In addition, some adjustments are indicated to correct for the effect of intravenous contrast media on certain 
measures. Use of the L1 level for bone, fat, and muscle assessment allow for use of both abdominal and chest CT examinations. Note that automated 
algorithms for segmenting the pancreas, kidneys, and other structures exist but are not depicted here.
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date, leading to various white papers and guidelines for man-
agement (9–11). Perhaps due in part to the generally healthy 
status of the intended population for CT colonography (CTC) 
screening, incidental extracolonic findings became a focal point 
for the Medicare national coverage determination. Despite sys-
tematic reporting of extracolonic incidentalomas, (10,12) the 
concern for unleashing a cascade of unnecessary or harmful 
work-ups ultimately contributed to the decision by the Cen-
ters for Medicare and Medicaid Services (CMS) to leave CTC 
screening uncovered. All abdominal CT scans, however, con-
tain “findings” beyond their narrow indication, which must be 
handled responsibly by the interpreting radiologist. In fact, a 
substantial component of daily CT interpretation is determin-
ing which unsuspected findings can be ignored, need follow-
up, or require additional work-up or intervention.

Often overshadowed by this concern for potential harms re-
lated to incidental imaging findings are the potential benefits. 
When they are fully leveraged to advantage, one could argue that 
the cumulative effect related to incidental CT imaging data is a net 
benefit to patients. Of course, as with any screening strategy, one 
must weigh the potential impact of lead-time, length-time, and 
overdiagnosis biases (13), as well as any associated costs or patient 
anxiety related to additional imaging findings. To use CTC as an 
early screening example, nearly half of the 6% of patients who un-
derwent additional evaluation for unsuspected extracolonic find-
ings were found to have a clinically relevant new diagnosis (14). 

Although extracolonic evaluation is often cited as a reason why 
some providers avoid ordering CTC screening, it is also a com-
mon reason why many patients seek it out. In fact, more primary 
extracolonic cancers than colorectal cancers are found at CTC 
screening (15). Importantly, these presymptomatic extracolonic 
malignancies are typically discovered at an earlier (more curable) 
stage compared with symptomatic manifestation in the general 
population (Fig 2). Unsuspected osteoporosis and aortoiliac aneu-
rysms are relatively common findings at CTC screening and can 
positively impact both the clinical efficacy and cost-effectiveness 
of CTC screening (Fig 2) (16–18). These incidental detections 
can all broadly apply to abdominal CT in general. Many other 
relevant incidental CT findings—such as advanced atheroscle-
rotic plaques, hepatic steatosis, abundant visceral fat, and muscle 
wasting—may elicit commentary in our routine CT interpreta-
tions, but these qualitative descriptions generally lack substantive 
or actionable direction. The following sections describe how more 
formal quantitative assessment of these CT biologic markers can 
better harness their prognostic powers.

CT-based Opportunistic Screening Biologic 
Markers: Manual to Automated Methodology
This section will briefly cover some of the specific quantita-
tive CT markers that have been applied in an opportunistic  
manner. The subsequent section will then delve into the  
potential clinical value added by these measures, whether 

Figure 2: Opportunistic detection of extracolonic pathologic findings at CT colonography (CTC) screening. Top row: Supine image from CTC 
screening in an asymptomatic 63-year-old man (left) shows an unsuspected 5.5-cm left adrenal mass (arrow), which measured 27 HU (indetermi-
nate). Subsequent contrast-enhanced CT scan (not shown) with adrenal protocol showed little or no washout (,10%). On opposed-phase chemical 
shift MRI scan (middle), the adrenal mass (arrow) fails to show signal dropout. Subsequent CT-guided core needle biopsy (right, arrow) was sug-
gestive of adrenocortical carcinoma, which was confirmed after adrenalectomy with negative margins. The patient is doing well without evidence 
of disease over 13 years later. Bottom row: Supine image from CTC screening in an asymptomatic 52-year-old man (left) shows an unsuspected 
infrarenal abdominal aortic aneurysm (arrow) that measured up to 6.8 cm in anteroposterior diameter, as well as a horseshoe kidney that was previ-
ously unknown. Subsequent work-up included CT angiography (middle) within a week and aortoiliac stent graft repair (right) within 1 month of the 
acquisition of the CTC image. The patient is alive and well 14 years later.
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alone or in combination to optimize performance. In partic-
ular, body composition measures (Table) lend themselves to 
objective assessment and risk stratification. Fully automated  
AI-based methods have begun to replace their analogous 
manual approaches, which opens the door to both large 
population-based studies as well as support tools for routine 
clinical interpretation. By focusing on transparent “explain-
able” quantitative AI measures over more complex or opaque 
“black box” radiomics, reproducibility and broad clinical ac-
ceptance may be more readily achievable. A prime example 
is the systematic use of single-section body composition 
measures, often reported in mean Hounsfield units (HU) or 
cross-sectional area, over less palpable volumetric radiomics 
and texture analysis methods (Fig 1). Advantages of such un-
derstandable AI tools include increased use (eg, standardized 
L1-level measures can be applied to both abdominal and chest 
CT), as well as reduced computational requirements, lower 
error rates, and increased transparency. This approach is illus-
trated herein with examples including automated CT-based 
measures of bone, muscle, fat, vessels, and the liver, among 
others (Fig 1). This review will largely focus on abdominal 
CT, but the general concepts regarding opportunistic use of 
body composition data largely apply to thoracic CT as well.

General Technical Considerations
For the purposes of opportunistic screening, absolute mea-
surement accuracy of a quantitative biologic marker is less 
critical than appropriate risk category assignment, although 
some degree of reproducibility and standardization across 
disparate practice settings is clearly needed. Beyond the use 
of different measurement techniques and software tools, the 
influence of both CT technique and patient-related factors 
on quantitative measures must be considered (2). For atten-
uation-based CT markers, measured in HU, the presence 
and phase of intravenous contrast material and the selected 
tube potential (ie, kilovoltage) are of particular relevance 
(2,19–23). Other technical factors—including CT vendor, 
protocol variations, reconstruction kernel, section thick-
ness, and patient positioning—can all have an effect, but 
most output variations are probably on the order of less than 
5% (22,24–26). Decreased tube current (milliamperage) for 
low-dose scanning increases image noise, which may affect 
automated segmentations but generally has negligible im-
pact on mean HU values.

Bone Biologic Markers
CT is an ideal imaging modality for assessing bone mineral 
density (BMD) and fractures (Figs 3–5). Quantitative CT 
provides dedicated BMD assessment, but due to cost, radia-
tion, and availability issues, it has long been underused as 
a standalone screening examination relative to dual-energy 
x-ray absorptiometry (DXA) (27,28). Quantitative CT also 
has generally required a calibrating phantom to account for 
scanner differences as well as detector or tube “drift.” Phan-
tomless quantitative CT calibration uses patient tissue mea-
sures as an internal control (7), but muscle, fat, and other 
tissues also vary in density between patients. An alternative 
method using “asynchronous calibration” has allowed for 
both retrospective and prospective opportunistic BMD eval-
uation without the need for a concurrent phantom (Figs 3, 
4) (29–31). However, although this CT approach provides a 
DXA-equivalent femoral neck T-score, its planar-like nature 
may be a drawback, given that most osteoporotic fractures 
are associated with false-negative findings at DXA (Figs 3, 
4). More advanced analytic quantitative CT methods include 
finite element analysis and texture analysis (32,33).

To allow for “on-the-fly” opportunistic assessment during 
routine body CT interpretation, a single manual ovoid region 
of interest (ROI) is used within the anterior trabecular space 
(Figs 3, 4) (8,34). Any thoracic or lumbar vertebral level can 
be used (Figs 3, 4), but L1 is readily identifiable as the first 
non–rib-bearing level and is present on all chest and abdomi-
nal CT scans. Although mean attenuation values (in HU) 
do not strictly equate to “density,” this marker is valuable for 
assessing bone health and generally correlates with BMD and 
DXA results (8,34,35). However, given its direct volumetric 
assessment of trabecular bone, without the cortical overlay 
of the planar CT-based approach, this simple ROI-based at-
tenuation measure might actually prove superior for spinal 
assessment (4). The trabecular ROI can also be placed ante-
riorly in the midsagittal plane (36), which allows simultane-
ous inspection for prevalent vertebral compression fractures 
that can be easily missed in the axial (transverse) plane (Figs 
3–5) (37). The simplicity of this trabecular ROI approach has 
allowed for analogous fully automated versions (Figs 3, 4) 
(4,38,39), and automated tools for detecting prevalent ver-
tebral fractures also exist (Fig 5) (40). Visual inspection of 
the automated ROI confirms appropriate positioning within 
the trabecular space (Figs 3, 4). Correction for the impact of 

Examples of QCT-based Biologic Markers for Opportunistic Screening

Tissue or Organ QCT Biologic Markers* Clinical Use Examples
Bone Trabecular HU, femoral neck DXA–equivalent T-score Osteoporosis, prevalent fractures, future fracture risk
Skeletal muscle Muscle HU, muscle bulk (area or volume) Sarcopenia, CV risk, hip fracture risk, cancer frailty, death
Fat (adipose) Visceral and subcutaneous fat (ratio, area, HU) Metabolic syndrome, diabetes, CV risk, death
CV Calcified plaque (Agatston score), heart and vessel diameter CV risk, AAA, cardiomegaly, death
Liver Liver HU, volume (total or segmental), surface nodularity Steatosis, fibrosis, iron overload, hepatomegaly

Note.—See text for more detailed descriptions of these CT markers and outcomes of interest. AAA = abdominal aortic aneurysm, CV = 
cardiovascular, DXA = dual-energy x-ray absorptiometry, HU = Hounsfield units, QCT = quantitative CT.
* Texture analysis and more complex radiomics not included.
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intravenous contrast material provides an unenhanced atten-
uation equivalent (21,23). Importantly, of all the body com-
position measures discussed, bone is most sensitive to tube 
potential, and HU thresholds must be adjusted according to 
the kilovoltage setting (19).

Muscle Biologic Markers
A variety of manual, semiautomated, and fully automated 
approaches exist for CT-based skeletal muscle assessment 
(2,41,42). Muscle quality is generally inferred from mean at-
tenuation values (in HU), obtained within either a manual 
ROI or preferably following more complete segmentation 
(Figs 3, 4, 6). Muscle bulk or quantity is often reflected by 
cross-sectional area of segmented paraspinal, psoas, and body 
wall musculature at a given level but can be normalized by 
patient height into a skeletal muscle index. Importantly, 
when intermuscular fat is included in the muscle segmen-
tation, mean attenuation values decrease more precipitously 
with age for both sexes compared with muscle bulk measures 

(Fig 6) (41). Although the L3 vertebral level has been most 
commonly used (43), comparable predictive performance has 
been observed at the L1 level (Fig 1), which would be cap-
tured on both chest and abdominal scans. The small but mea-
surable effect of intravenous contrast on muscle HU values 
likely warrants correction (21,23).

Fat Biologic Markers
Manual, semiautomated, and fully automated software tools 
for single-section quantification of visceral and subcutaneous 
fat have existed for years, given the relative ease of distinguish-
ing fat attenuation at CT (Fig 7) (44–46). The primary focus is 
on cross-sectional area, and various lumber levels can be used, 
but the L1 level allows for crossover use at thoracic CT (Fig 1) 
(45). Differences in the relative proportion of visceral and sub-
cutaneous fat are reflected by the visceral to subcutaneous fat 
ratio. Sex differences are well documented, with men typically 
having much higher ratios compared with those of women 
(apple vs pear body habitus [Fig 7]). Some investigators in-

Figure 3: Unsuspected osteoporosis in an asymptomatic 74-year-old woman with subsequent hip fracture and death. Top row: Sagittal images 
from CT colonography (CTC) screening in 2005 (left) and 2010 (middle) show progressive bone loss, with L1 trabecular attenuation values of 85 
HU and 63 HU, respectively. Sagittal image from subsequent CT in 2012 (right) shows further bone loss at L1 (48 HU), as well as multiple new 
vertebral compression fractures, most notably at L5 (arrow). Bottom row: Both dual-energy x-ray absorptiometry (not shown) and quantitative CT (left) 
T-scores were falsely negative for osteoporosis. Composite body composition image (middle, similar to Fig 1) from 2012 shows advanced osteosar-
copenia. The patient experienced an intertrochanteric femoral fracture as shown on anteroposterior left hip radiograph (right, arrow) later that year 
and died in 2016.
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clude attenuation of the fat itself as a biologic marker, but this 
measure may be confounded by the expected inverse relation-
ship with fat quantity (47). Although the effect of intravenous 
contrast on fat area measures is small, relative changes are more 
pronounced within the visceral compartment (23).

Cardiovascular Biologic Markers
Calcified atherosclerotic plaques involving the abdominal 
aorta can be segmented manually or semiautomatically by 
using preexisting coronary artery calcium (CAC) tools (48) 
or with fully automated dedicated deep learning tools (Fig 
8) (49). Results can be reported as Agatston scores, similar 
to CAC scoring, but gross categorical assessment may suf-
fice for opportunistic purposes (50,51). Initial research used 
unenhanced CT scans (49); however, aortic calcium quan-
tification is feasible with use of intravenous contrast mate-
rial beyond the arterial phase, despite the proximity of the 
plaques to the enhancing lumen (Fig 8) (52). Automated 
deep learning tools have also been developed for CAC quan-
tification on nongated unenhanced chest CT scans (53,54). 
Beyond vessel assessment, automated approaches for the op-
portunistic detection of thoracoabdominal aortic aneurysm, 
valvular calcifications, and cardiomegaly are also being de-
veloped (Fig 9).

Liver Biologic Markers
Quantitative opportunistic measures of the liver include pa-
renchymal attenuation, volumetry, and surface nodularity. On 
unenhanced scans, manual ROI assessment for HU values pro-
vides a quick estimate of liver fat content, given its linear rela-
tionship with proton density fat fraction calculated from MRI 
(55–57); markedly elevated values can indicate iron overload 
(58). Automated deep learning volumetric liver segmentation 
correlates well with the manual ROI approach, allowing for 
large-scale studies of hepatic steatosis (59). CT-based fat quan-
tification on postcontrast scans is less precise, but categorical 
assignment into moderate to severe steatosis is feasible (60). 
AI-based CT volumetric assessment should also provide a more 
precise definition of hepatomegaly, as there is currently no re-
liable method for diagnosis. Similarly, an analogous tool for 
splenic volume allows for a more meaningful volume-based 
definition of splenomegaly (Fig 10). Automated hepatic subdi-
vision into Couinaud segments can provide valuable informa-
tion beyond whole-liver volume (Fig 10).

Other CT-based Biologic Markers
A host of additional emerging AI-based opportunistic CT bio-
logic markers address the pancreas, kidneys, adrenal glands, 
bowel, lungs, and lymph nodes, among other targets (61).

Figure 4: Unsuspected osteoporosis and sarcopenia (osteosarcopenic obesity) in a 58-year-old woman with subsequent hip fracture. Top row: 
Sagittal (left) and L3-level transverse (middle) images from CT examination for unexplained abdominal pain show a prevalent L1 compression frac-
ture and associated low bone mineral density (BMD) (L2 region of interest [ROI]), compatible with complicated osteoporosis. The same transverse 
L3-level image (right) shows superimposition of automated BMD (green) and muscle (red) segmentations, with mean muscle attenuation of 2 HU, 
comparing well with the manual paraspinal ROI (4 HU). Bottom row: Retrospective quantitative CT image (left) shows an osteoporotic femoral neck 
T-score of 22.9, but central dual-energy x-ray absorptiometry examination 2 years later (not shown) was falsely negative for osteoporosis and also 
missed the L1 compression. The patient presented 3 months later with hip pain. Initial pelvic radiograph (middle) was negative, but an MRI exami-
nation later that day (right) revealed a trochanteric fracture with extension into the metaphysis (arrows), which required internal fixation. Note also 
generalized sarcopenia at MRI.



Pickhardt

Radiology: Volume 303: Number 2—May 2022  n  radiology.rsna.org 247

Clinical Use Scenarios for Value-added 
Opportunistic CT Screening
Although clinical implementation of systematic opportunistic 
CT screening is still in its infancy, there is ample emerging 
evidence of its potential value in this era of precision medicine 
(Table). With use of the CT-based biologic markers discussed 
earlier, either separately or in combination, predictive results 
have already compared favorably with established clinical risk 
prediction models. By incorporating AI-based approaches, 
objective validated CT markers with template-driven outputs 
that provide clinical context should eventually be available at 
the time of prospective CT interpretation. This information 
could also be combined with other clinical and laboratory data 
automatically abstracted from the electronic health record.

Osteoporosis
Low BMD leading to fragility fractures is a highly prevalent 
yet underdiagnosed and undertreated condition in the aging 
population; opportunistic CT could help address the screen-
ing gap, especially given the limitations of DXA (2,28,62–64). 
L1 trabecular bone HU values steadily decrease with age for 
both women and men and are associated with prevalent and 
future fractures (Figs 3, 4) (4,34,65–67). At a 120-kV setting, 
a 90-HU threshold may be optimal for assigning osteoporotic 

fracture risk (65,67); a linear correction factor applies when 
scanning at other kilovoltage settings (19). As a rule of thumb, 
trabecular attenuation under 100 HU and 150 HU can suggest 
osteoporosis and osteopenia, respectively (1). However, oppor-
tunistic CT detection of prevalent vertebral fractures provides 
the single most important clue for future fracture risk (Figs 
3–5) (68). Automated L1 trabecular HU values compare fa-
vorably with the clinical reference standard fracture assessment 
tool (Fracture Risk Assessment Tool, or FRAX) for predicting 
risk of future osteoporotic fractures (4,69), despite the fact that 
the latter involves onerous manual entry of a dozen data points 
per patient. Furthermore, automated single-section muscle at-
tenuation values (eg, at the L1 or L3 level) alone match FRAX 
for predicting hip fracture (4), a feared complication of osteo-
porosis (Fig 6).

In current practice, U.S. Food and Drug Administration–
approved femoral neck quantitative CT T-scores can be ap-
plied as an opportunistic BMD screening add-on to CTC 
screening (Fig 4), which has an established current procedural 
terminology code and “counts” for health maintenance mea-
sures (16). However, this opportunistic approach could be 
applied to any older adult undergoing abdominopelvic CT 
for a wide variety of indications (30), which would substan-
tially increase osteoporosis screening rates if systematically 
applied. For the purpose of opportunistic screening, the use 
of intravenous contrast material has a negligible effect on the 
quantitative CT femoral neck T-score (31).

Sarcopenia
Sarcopenia can refer to loss of muscle mass, function, or quality 
and is associated with cachexia (involuntary wasting), frailty 
(physiologic decline), and aging in general (2,70). Although 
both clinical and CT-based criteria for sarcopenia have varied 
widely, CT measures of myosteatosis (low muscle attenuation) 
and myopenia (reduced bulk) have been repeatedly identified 
as independent risk factors for numerous adverse outcomes, 
including death, pathologic fractures, postoperative compli-
cations, and cancer frailty (3,4,71–74). In general, CT-based 
myosteatosis measures seem to perform better than myope-
nia, but this may depend in part on the specific segmentation 
method used (Fig 6). Because patients with cancer often un-
dergo repeated CT evaluation for assessing disease status, an 
opportunity exists for monitoring sarcopenia and wasting mea-
sures, which might eventually influence treatment decisions. 
Most published studies have used a single CT time point (74), 
but worsening of sarcopenia measures over time may also help 
predict poor cancer outcomes (75). Poor prognosis is further 
exacerbated when sarcopenia is coupled with visceral obesity, 
or “sarcopenic obesity” (Fig 11) (72,76). However, conflicting 
data exist as to whether abdominal fat may be somewhat pro-
tective in some cancer settings.

Cardiovascular Disease
Cardiovascular disease remains the leading cause of death world-
wide. Complex clinical risk prediction models for risk assess-
ment, such as the Framingham risk score and pooled cohort 
equations, often return indeterminate results and lack gener-

Figure 5: Automated tool for detection of vertebral compression 
fractures. Sagittal image from chest CT shows automated spine segmen-
tation tracking vertebral height (colored lines) obtained with a dedicated 
artificial intelligence tool (AI Genant, IRA analysis). Compression frac-
tures with 25%–40% height loss are depicted in yellow and more severe 
compressions (.40%) in red. (Image courtesy of Alexey Petraikin, MD, 
PhD, Moscow Laboratory of Innovation Technologies. See https://
mosmed.ai/en/ for general information about the Moscow project “Ar-
tificial intelligence in radiology.”)
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alizability across diverse populations (77,78). In comparison, 
CAC scoring at dedicated (electrocardiogram-gated) cardiac 
CT provides a powerful singular predictor but is underused as 
a standalone test (79). However, automated deep learning tools 
for CAC scoring at routine nongated CT can deliver clinically 
relevant categorical results, such as Agatston scores greater than 
or equal to 100 or 400 or simply a designation of none, mild, 
moderate, or severe (51,53,54,80), allowing for opportunistic 

screening. Other deep learning 
models using nongated chest 
CT have also correlated with 
cardiovascular disease, but the 
results are less transparent than 
Agatston scoring (81).

Abdominal aortic calcium 
burden correlates with CAC. 
Both semiautomated (48) and 
fully automated (3) quantifica-
tion of abdominal aortic calcifi-
cation compare favorably with 
the Framingham risk score in 
terms of predicting adverse 
cardiovascular outcomes and 
death and can be followed over 
time (82). Because automated 
abdominal aortic calcium scor-
ing is feasible at routine post-
contrast examinations (Fig 8) 

(52), this greatly expands its opportunistic reach. Overall, mul-
tiple CT-based quantitative measures are predictive of all-cause 
mortality, with atherosclerotic calcium load, myosteatosis, and 
visceral fat leading the way but with contributions from he-
patic steatosis and low BMD (3). Finally, opportunistic aortic 
aneurysm detection provides another cardiovascular benefit 
that has long been a component of routine CT interpretation 
(Fig 2).

Figure 6: Myosteatosis with subsequent hip fracture in an 87-year-old woman. Top row: Composite L1-level CT image (left) and L3-level CT im-
age with (middle) and without (right) automated muscle overlay show sarcopenia, with intermuscular adipose tissue most notably involving the para-
spinal musculature. Automated mean muscle attenuation measured 210 HU, similar to the manual measurement (212 HU). See Figure 1 for the 
color key. Bottom row: The patient experienced a femoral neck fracture 3 years later as shown on anteroposterior radiograph of pelvis (left, arrow) 
and died 3 years after that. L3-level CT images (middle and right) from another patient using a different automated algorithm show separate seg-
mentation of skeletal muscle (pink) and intermuscular adipose tissue (green). Results for myosteatosis (in Hounsfield units) and myopenia (area) are 
dependent on how a specific muscle algorithm handles intermuscular adipose tissue. (Images from the second patient courtesy of Akshay Chaudhari, 
PhD, and Robert D. Boutin, MD, Stanford University.)

Figure 7: Differences in visceral and subcutaneous fat distribution (apple vs pear body habitus). Midabdominal CT im-
age with automated body composition overlays in an 81-year-old man (left) shows an abundance of visceral fat relative to 
subcutaneous fat, corresponding to a high visceral to subcutaneous fat ratio, as well as the so-called apple-shaped body 
habitus. In contrast, CT image from a 34-year-old woman (right) shows a disproportionate amount of subcutaneous fat 
(pear-shaped). The patient on the right had a higher body mass index, or BMI (35 kg/m2), than the patient on the left (31 
kg/m2), who later experienced a myocardial infarction and subsequently died of metabolic syndrome–related issues. See 
Figure 1 for the color key.
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Metabolic Syndrome
Metabolic syndrome describes a constellation of revers-
ible cardiometabolic abnormalities in the setting of central 
obesity and is closely associated with diabetes and cardio-
vascular risk (44,83,84). Fully automated 
quantitative abdominal CT measures of 
fat, muscle, and the liver can opportu-
nistically identify individuals at risk (Fig 
7) (84). Although neither visceral fat nor 
hepatic steatosis are currently defining 
criteria for metabolic syndrome (44,85), 
they could play a pivotal role in the future.  
Interestingly, automated CT-based muscle 
measures outperformed aortic calcium 
quantification in the prediction of meta-
bolic syndrome (84). Automated pan-
creatic attenuation values correlate with 
diabetes and may also prove useful for pre-
dicting metabolic syndrome.

Diffuse Liver Diseases
Hepatic steatosis, iron overload, and fibrosis 
tend to be clinically silent until complications 
develop. Nonalcoholic fatty liver disease is a 
highly prevalent condition associated with 
metabolic syndrome and cardiovascular com-
plications, but progression to liver inflamma-
tion, fibrosis, and cirrhosis can also occur in a 
small number of patients (57,86–88). Unen-
hanced liver attenuation under 40 HU, which 
corresponds to 15% proton density fat frac-
tion calculated from MRI, indicates at least 

moderate steatosis (55). At portal venous phase, categorization 
into moderate steatosis is less precise but can be determined with 
use various liver- and spleen-based HU thresholds, depending 
on the desired sensitivity and specificity profile (60). In contrast, 

Figure 8: Automated quantification of aortic atherosclerotic calcification. Top row: Transverse (left) and 
coronal (right) noncontrast CT images in an 89-year-old woman show extensive aortoiliac calcification, 
which has been automatically segmented (bright yellow). The patient experienced a myocardial infarction 
3 years later and died within a year after that. Note also the abundant visceral fat. Bottom row: Transverse 
(left) and coronal (right) postcontrast CT images in an 80-year-old woman also show extensive calcified 
aortic plaque. This patient also experienced a myocardial infarction and subsequently died. Note how the 
automated algorithm correctly segmented the aortic calcification despite luminal contrast enhancement. For 
both patients, the aortic Agatston score was markedly elevated. See Figure 1 for the color key.

Figure 9: Automated artificial intelligence (AI) algorithm for opportunistic screening of cardiomegaly. Panel of images from contrast-enhanced 
CT in a 58-year-old man undergoing surveillance for previously resected right renal cell carcinoma. The AI algorithm performed two-dimensional 
segmentation of the whole heart (lower left, green), inner chest (upper middle, blue), outer chest (lower middle, red), and left ventricle (lower right, 
yellow). Original full-view (upper left) and 32 magnified (upper right) images are included for comparison. Area of the inner and outer chest, as well 
as patient age and sex, are used to standardize the whole-heart and left ventricular measurements to best identify cardiomegaly. (Images courtesy of 
Andrew D. Smith, MD, University of Alabama at Birmingham.)
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Figure 10: Automated tools for assessing liver fibrosis, cirrhosis, and portal hypertension. Top row: Images 
from fully automated Couinaud segmentation of the liver in a 45-year-old man (left) and 60-year-old man 
(right), both with hepatitis C virus, who had fibrosis scores of F0 and F4, respectively, at liver biopsy. Note the 
relative compensation of the left lateral segments (II and III) in the cirrhotic patient, compatible with segmental 
redistribution. This is also reflected in more quantitative terms by the elevated liver segmental volume ratio 
(LSVR), which objectively compares Couinaud segments I–III over IV–VIII. Bottom row: Upper abdominal 
transverse CT images in two patients with compensated cirrhosis (49-year-old woman with alcoholic cirrhosis 
on left, 50-year-old man with hepatitis C virus cirrhosis on right) again show composite depictions of the auto-
mated body composition tools, which demonstrate splenomegaly. Automated splenic volumes (1092 mL and 
985 mL, respectively) matched semiautomated derivation within 10% in both patients. As with liver segmental 
volume ratio, splenic volume correlates with pathologic stage of liver fibrosis, and the two measures are actu-
ally complementary. For the bottom row, see Figure 1 for the color key. (Top row images courtesy of Sungwon 
Lee, MD, PhD.)

Figure 11: Sarcopenic obesity in two patients with colorectal cancer. CT images in a 79-year-old man (left) and 
69-year-old woman (right) with automated body composition tools applied show abundance of visceral fat and myo-
steatosis (L3-level muscle attenuation was ,10 HU for both patients). However, the amount of subcutaneous fat differs 
substantially between the two patients. Conflicting data exist on whether abdominal fat is protective or detrimental, and may 
depend on the specific compartment (visceral vs subcutaneous). See Figure 1 for the color key.

when the attenuation of the unenhanced liver 
exceeds 75 HU, iron overload related to he-
reditary hemochromatosis must be considered 
in the absence of multiple blood transfusions 
or amiodarone therapy (58). Both manual 
ROI and volumetric AI-based liver HU mea-
surements provide a means for opportunistic 
detection of steatosis and iron overload. Fur-
thermore, although specific CT findings diag-
nostic of nonalcoholic steatohepatitis remain 
elusive, progression to fibrosis and cirrhosis is 
feasible and of more clinical relevance (89), as 
discussed later.

CT also allows for opportunistic detec-
tion of unsuspected hepatic fibrosis and 
compensated cirrhosis (90–98). Subjective 
findings of segmental redistribution, surface 
nodularity, and splenomegaly are translated 
into objective scores by using the liver seg-
mental volume ratio, liver surface nodular-
ity score, and splenic volume, respectively, 
which correlate with pathologic fibrosis 
scores (Fig 10) (90,91,93). Initial validation 
for these measurements used semiautomated 
methods, but calculation of liver segmental 
volume ratio and splenic volume has now 
been fully automated (Fig 10). Although to-
tal liver volume is less useful for assessing fi-
brosis and cirrhosis (90), it may prove useful 
for better defining hepatomegaly (97). More 
advanced CT-based radiomics and texture 
analyses may infer degree of fibrosis (33,92) 
but are less transparent approaches. Compos-
ite laboratory values, most notably the FIB-4 
index, can also be combined with CT-based 
measures to optimize performance (97).

Potential Barriers to 
Widespread Adoption
A number of potential chal-
lenges remain before AI-based 
opportunistic CT screening 
can be broadly implemented 
into routine clinical practice. 
Various technical and patient-
based considerations have al-
ready been addressed. Other 
issues include regulatory and 
advisory approval, commercial 
availability, ease of use, and 
reimbursement.

Although many of the CT 
biologic markers described ear-
lier can be derived manually (or 
semiautomatically), widespread clinical adoption will likely re-
quire a more robust, fully automated solution. A variety of AI 

software products have been recently approved by the Food and 
Drug Administration or marked by the European Commission 
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and are now commercially available (98,99). However, ab-
dominal applications currently represent only a small fraction 
(,5%) of these AI tools (98). Furthermore, only a minority 
of radiologists currently use any AI tools in clinical practice, 
citing concerns over inconsistent performance, decreased pro-
ductivity, and lack of reimbursement (100). In a recent survey 
of 1472 radiologists, 95% responded that they would not trust 
AI algorithms to run autonomously (100). Explainable AI per-
forming a transparent, logical, and objective body composition 
task that can be visually verified rapidly might be viewed with 
less suspicion by radiologists, patients, health care systems, and 
payers alike.

Demonstrating measurable quality improvement at an ac-
ceptable cost will be critical for downstream reimbursement, 
especially as the fee-for-service environment shifts toward 
value-based payment models. CMS payment systems are fa-
mously complex (99), but the influence of Medicare coverage 
on private payer decisions must be acknowledged. Potential 
pathways for CMS payment include new current procedural 
terminology codes and add-on payments for new technology, 
as well as more novel approaches (99). Ultimately, as oppor-
tunistic CT screening evolves and matures, it may eventually 
draw the attention of the U.S. Preventive Services Task Force, 
for which an A or B grade would provide private payer coverage 
in accordance with the Affordable Care Act preventive services 
coverage mandate.

Unlike many of the AI triage tools in current use, which are 
unlikely to garner much interest beyond radiology practices since 
they generally will not result in any new diagnostic information, 
both payers and health care systems might find opportunistic 
measures to be more attractive. Because opportunistic AI-based 
CT screening tools focus on improving the health of a popula-
tion through earlier detection of treatable disease and risk strati-
fication for preventable disease, a strong case can be made for 
improved health care outcomes and reduced downstream costs. 
This value-added service and return on investment could help 
justify both the purchase and coverage of AI-based opportunistic 
screening tools. Health care systems that systematically employ 
these opportunistic strategies may also benefit financially from 
clinically relevant unsuspected findings that lead to appropriate 
work-up and management for preventable or treatable condi-
tions. As noted earlier, the double-edged sword of incidentalo-
mas must be kept in check, avoiding any unnecessary work-up 
wherever possible.

The Case for “Intended” CT-based Screening
Assuming that the value added by opportunistic CT-based 
screening is firmly established, it begs the question as to whether 
this puts “intentional” CT screening back in play. The initial  
CT-based whole-body screening episode was handled very 
poorly, with exorbitant work-up rates for unimportant inciden-
tal findings, profit-seeking motives, and a general lack of scien-
tific basis (101). It also largely preceded the notion of systematic 
body composition analysis discussed herein. However, more 
focused clinical indications, such as colorectal cancer screening, 
have already been shown to be cost-effective as standalone ex-
aminations (17,102). In fact, when colorectal cancer screening 

with CTC also considers the singular benefit of abdominal aortic 
aneurysm (ie, AAA) detection, it dominates over the standard 
combined strategy of optical colonoscopy and US examination 
by being both more cost-effective and clinically efficacious (17). 
Despite all of this, CTC screening remains uncovered by CMS 
for Medicare beneficiaries. However, when the additional po-
tential benefit related to screening for osteoporosis, sarcopenia, 
and cardiovascular and other metabolic disorders are all consid-
ered, the argument for intended population-based CT screening 
grows stronger, especially when stacked up against the litany of 
standard screening tests it could conceivably displace. Perhaps 
this represents the most logical pathway for CMS coverage 
of abdominal CT screening. In contrast, CMS already covers 
low-dose CT for annual lung cancer screening as an additional 
preventive service benefit when certain criteria are met. System-
atically adding these other CT-based screening measures to lung 
cancer screening could further expand its indication profile, as 
well as increase both utilization and reimbursement rates.

Conclusion
Opportunistic CT screening systematically leverages the rich 
data embedded within all CT scans, adding potential value re-
gardless of the original indication for imaging. From the patient 
perspective, this approach requires no additional imaging time 
or radiation exposure. Unsuspected detection of either early pre-
symptomatic disease or risk factors for future adverse outcomes 
shifts the focus from reactive to preventive medicine. The emer-
gence of fully automated artificial intelligence solutions should 
allow for efficient and objective CT-based assessment, as well as 
broad application to large, diverse patient populations, which 
will further refine appropriate risk stratification. Demonstrating 
measurable improvements in population health outcomes, asso-
ciated with reduced costs through disease prevention, should be 
attractive to both payers and health care systems as value-based 
reimbursement models mature. Assuming these goals of oppor-
tunistic screening are achievable, a case could then be made for a 
return to intentional population-based CT screening, especially 
if combined with already-proven endeavors, such as colorectal or 
lung cancer screening.
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