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Coronary CT angiography has proven prognostic value 
for cardiac events (1–6). It depicts vessel lumen and 

wall characteristics including stenoses, remodeling, plaque 
thickness, and degree of calcification (7). Imaging improves 
prognostic accuracy beyond that offered by traditional risk 
estimation methods, and data suggest that it might be use-
ful for primary assessment of coronary risk under some 
circumstances (8–10).

A practical problem has been how to score ath-
erosclerotic features for use in prognosis estimation 
models. The most common approach is to divide the 
coronary tree into 16 segments and then score each 
segment according to certain simple criteria (11–13). 
For example, the segmental plaque score scores the 
amount of plaque from 0 to 3 for each segment and 
takes the sum. The Coronary Artery Disease Report-
ing and Data System (CAD-RADS), a standardized 

reporting system, was recently introduced for clinical 
use (14).

These scoring systems are necessarily an abstraction 
from the underlying pathologic condition, and there is 
the chance of discarding useful information along the 
way. Machine learning can explore a large number of 
possible models and construct a good model without 
overlooking important input features or including un-
necessary ones (15).

In this study, patients were followed after coronary CT 
angiography for the occurrence of death and myocardial 
infarction. The hypothesis was that machine learning, 
compared with conventional scoring systems, could find 
a combination of arterial features that better discriminated 
patients who did not experience an adverse event from 
those who did. We analyzed data as summarized by the 
reading radiologists (ie, from human visual analysis, not 
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Background: Coronary CT angiography contains prognostic information but the best method to extract these data remains 
unknown.

Purpose: To use machine learning to develop a model of vessel features to discriminate between patients with and without subse-
quent death or cardiovascular events. Performance was compared with that of conventional scores.

Materials and Methods: Coronary CT angiography was analyzed by radiologists into four features for each of 16 coronary segments. 
Four machine learning model types were explored. Five conventional vessel scores were computed for comparison including the 
Coronary Artery Disease Reporting and Data System (CAD-RADS) score. The National Death Index was retrospectively queried 
from January 2004 through December 2015. Outcomes were all-cause mortality, coronary heart disease deaths, and coronary 
deaths or nonfatal myocardial infarctions. Score performance was assessed by using area under the receiver operating characteristic 
curve (AUC).

Results: Between February 2004 and November 2009, 6892 patients (4452 men [mean age 6 standard deviation, 51 years 6 11] 
and 2440 women [mean age, 57 years 6 12]) underwent coronary CT angiography (median follow-up, 9.0 years; interquartile 
range, 8.2–9.8 years). There were 380 deaths of all causes, 70 patients died of coronary artery disease, and 43 patients reported non-
fatal myocardial infarctions. For all-cause mortality, the AUC was 0.77 (95% confidence interval: 0.76, 0.77) for machine learning 
(k-nearest neighbors) versus 0.72 (95% confidence interval: 0.72, 0.72) for CAD-RADS (P , .001). For coronary artery heart dis-
ease deaths, AUC was 0.85 (95% confidence interval: 0.84, 0.85) for machine learning versus 0.79 (95% confidence interval: 0.78, 
0.80) for CAD-RADS (P , .001). When deciding whether to start statins, if the choice is made to tolerate treating 45 patients to 
be sure to include one patient who will later die of coronary disease, the use of the machine learning score ensures that 93% of pa-
tients with events will be administered the drug; if CAD-RADS is used, only 69% will be treated.

Conclusion: Compared with Coronary Artery Disease Reporting and Data System and other scores, machine learning methods bet-
ter discriminated patients who subsequently experienced an adverse event from those who did not.
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from the image data directly). We compared the predictive 
power of the new scoring system to that of CAD-RADS and 
other existing vessel scoring systems.

Vessel scores can be used as inputs into more comprehensive 
risk models that include nonimaging risk factors such as age, sex, 
hypertension, and smoking. If machine learning can improve 
vessel scoring, the contribution of noninvasive imaging to car-
diovascular risk assessment would also be improved. The overall 
purpose of our study was to use machine learning to improve 
the contribution of noninvasive imaging to cardiovascular risk 
assessment.

Materials and Methods

Study Population
We reviewed coronary CT angiography performed from Feb-
ruary 2004 through November 2009. This retrospective study 
complied with Health Insurance Portability and Accountabil-
ity Act guidelines and received a consent waiver for chart re-
view from the local institutional review board.

There were 7350 patients between the ages of 21 and 
90 years who underwent coronary CT angiography. We ex-
cluded 62 patients because more than one proximal coronary 
segment was technically limited in image quality in the judg-
ment of the reading radiologist at the time of the examina-
tion. The following segments were considered proximal in 
location: proximal right coronary, middle right coronary, left 
main, proximal left anterior descending, middle left anterior 
descending, proximal circumflex, and obtuse marginal branch 
(16). We excluded 171 patients because they had a history of 
coronary bypass grafts; 225 additional patients were excluded 
because of the presence of stents. The remaining 6892 pa-
tients had indications ranging from stable atypical chest pain 
to indeterminate stress test, multiple risk factors, strong fam-
ily history, and strong personal concern for coronary artery 
disease. The patients presented to a large outpatient radiology 

center in suburban New Jersey and therefore might be ex-
pected to reflect a typical patient mix referred for nonurgent 
outpatient coronary CT angiography.

Portions of this patient population have been used for ear-
lier studies: 3076 patients in a comparison of cardiovascular risk 
guidelines (12), 1653 patients in a comparison of plaque burden 
to Framingham risk estimates (17), and 2123 patients in a com-
parison of presence of any calcium to conventional risk estimates 
(18). Those studies did not examine outcomes.

CT Angiography
Patients who were not taking b-blocking drugs were admin-
istered 100 mg of metoprolol orally 1 hour before imaging. 
Sublingual nitroglycerin (0.4 mg) was administered 1 minute 
before scanning. A 64-section CT scanner was used (VCT 64; 
GE Healthcare, Milwaukee, Wis). A bolus-timing examination 
used 20 mL of contrast agent (iodine, 320 mg/mL; Visipaque, 
GE Healthcare) followed by 20 mL of saline, then 80 mL of 
contrast agent at 5 mL per second, followed by a 50-mL sa-
line chaser at 5 mL per second. The parameters were as fol-
lows: collimation, 0.625 mm; rotation time, 0.35 msec; pitch, 
0.16–0.24 depending on heart rate; field of view, 25 cm; 512 
3 512 reconstruction matrix; table feed, 20 mm per rotation; 
tube voltage, 120 kVp; current, 450–800 mA; with electrocar-
diographic dose modulation when possible. Data sets were re-
constructed from 70%, 75%, and 80% of cardiac cycle length. 
After June 2006 most cases were prospectively gated.

Outcomes
The National Death Index was queried from January 2004 
through December 2015. The underlying cause and contribut-
ing cause codes from the 10th revision of the International Sta-
tistical Classification of Diseases and Related Health Problems, 
or ICD-10, I20 through I25, were considered coronary artery 
disease deaths. Letters were sent in an attempt to discover myo-
cardial infarction events, beginning March 2010, with a second 
letter to nonresponders in June 2011. Outcomes were defined 
as all-cause mortality, coronary artery disease as underlying 
cause of death, and coronary artery disease as underlying cause 
of death or nonfatal myocardial infarction.

Conventional Vessel Scores
Images were interpreted by five radiologists with between 2 
and 8 years of experience in cardiac CT; 83% of the images 
were read by the most experienced radiologist (D.A.D.). The 
radiologists used a checklist format that contained each of the 
vessel features on a per-segment basis. Scores could be calcu-
lated later by using these forms. No scores were calculated at 
the time of the initial clinical report. The coronary tree was 
analyzed by using the 16-segment American Heart Association 
definitions from 1975 (19).

Four vessel features per segment were recorded for a total of 
64 vessel attributes per patient. The vessel features per segment 
were as follows:

1. Plaque amount: none or trace, mild, moderate, or heavy. 
This refers to the volume of plaque within a segment whether 
calcified or not.

Abbreviations
AUC = area under the receiver operating characteristic curve, CAD-
RADS = Coronary Artery Disease Reporting and Data System

Summary
Vessel scoring on the basis of machine learning modeling can im-
prove prognostic value of coronary CT angiography for outcomes of 
all-cause mortality and coronary artery disease death.

Key Points
 n For prediction of all-cause mortality on the basis of coronary CT 

angiography, the area under the receiver operating characteristic 
curve (AUC) for a machine learning score was higher than for 
Coronary Artery Disease Reporting and Data System (CAD-
RADS; 0.77 vs 0.72, respectively; P , .001).

 n For prediction of coronary artery deaths on the basis of coronary 
CT angiography, the AUC was higher for a machine learning score 
than for CAD-RADS (0.85 vs 0.79, respectively; P , .001).

 n When deciding whether to start statins, a machine learning score 
ensures 93% of patients with events will be administered the drug; 
if CAD-RADS is used instead, only 69% will be treated.
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than 50% is weighted as 0.615 and 50% or greater diameter ste-
nosis is weighted as 1. Calcified plaque is weighted as 1 and non-
calcified or mixed is weighted as 1.5. Segments that supply more 
myocardium (ie, proximal segments) are given higher weights 
than are distal segments (Table E1 [online]).

2. Plaque calcification: none, mild, moderate, or heavy. This 
refers to the proportion of plaque that is calcified within a seg-
ment regardless of absolute plaque amount.

3. Diameter stenosis: categorized as none, less than 30%, 
30%–49%, 50%–69%, and 70% or greater by visual estimation.

4. Vessel remodeling, present versus absent (20). Positive 
remodeling was called when the external diameter of the arte-
rial segment appeared larger than the external diameter of the 
adjacent more proximal segment, by visual inspection.

On the basis of these features, the following five conventional 
vessel scores were computed:

1. CAD-RADS (14). Assessment uses the greatest diameter 
stenosis present anywhere in the coronary tree: no plaque or 
stenosis (score of 0), minimal plaque or stenosis (1%–29%, 
score of 1), mild stenosis (30%–49%, score of 2), moderate 
stenosis (50%–69%, score of 3), severe stenosis (70%–99%, 
score of 4A), left main 50% or greater stenosis or three-vessel 
occlusion of 70% or greater (score of 4B), and total occlusion 
(score of 5). This is slightly modified from the original by using 
29% instead of 24% as the border between minimal and mild 
because the reading templates used between 2004 and 2009 
categorized stenoses in this way. Categories 4A and 4B were 
grouped together.

2. Segment stenosis score. For each segment, an estimate of 
worst diameter stenosis per segment was performed, scored as 
very mild (,30%; score of 0), mild (30%–49%; score of 1), 
moderate (50%–69%; score of 2) or severe (70%; score of 3). 
The segment stenosis score was calculated as the sum of the indi-
vidual segment scores (16).

3. Segment involvement score. For each segment, plaque was 
scored as absent or trace (score of 0) or present (score of 1) whether 
calcified or not. The segment involvement score was calculated 
as the sum of the individual segment scores (16).

4. CT Leaman score. Each segment is assigned three factors: 
the degree of stenosis, whether the plaque is calcified, and the lo-
cation of the plaque. Each factor is assigned a weight. The three 
weights are multiplied together for each segment, and the result-
ing products summed over all 16 segments (13,21). Stenosis less 

Figure 1: Simple decision tree. In a simple decision tree, a decision 
is made at each node, or branching point, based on whether some 
vessel feature (F) is present or is beyond some threshold. The outcome 
classes O1 and O2 (eg, death or no death) occupy the tips of the 
distal branches. A tree can be designed (ie, trained) on data from 
patients with known features and outcomes, and then data from a new 
patient can be run through the tree to predict the likely outcome.

Figure 2: Bagged trees. Bootstrap aggregated trees, or bagged 
trees, are a collection of simple, weakly predictive decision trees for 
which a variety of vessel features (F) act at branch points. Not all 
patient data are used in all trees; data are subsampled by using a 
bootstrap method. When a new patient’s data are run down through 
a given tree, that tree predicts an output class O1 or O2 (eg, death or 
no death). The consensus of outcomes from all the trees is used as the 
predicted outcome for the new patient. The collection of trees predicts 
substantially better than does a simple tree.

Figure 3: K-nearest neighbors. In this simplified ex-
ample, there are two vessel features, X1 and X2, each 
of which have some value along the x- or y-axis, respec-
tively. Patients with existing data and known outcomes 
each contribute one dot. The patients with red dots had 
death as an outcome, and those with a green dot did 
not. The blue dot represents a new patient with unknown 
outcome. The nearest neighbor algorithm looks at the 
K dots closest to the blue dot. In this example K = 3; of 
the three closest dots, two are red and one is green. The 
algorithm therefore outputs death as the likely outcome 
because of the three closest dots, the red dots outnumber 
the green dots.
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Because of the importance of reliable validation for machine 
learning problems, a second method was also used. The origi-
nal data set was divided into two-thirds exclusively for train-
ing and one-third exclusively for testing (hold-out validation). 
The nested cross-validation procedure was performed with the 
hold-out training data as the only input. Then the final model 
was applied to the hold-out testing data. This eliminates the 
possibility of inadvertent leakage of training data into the test-
ing step.

For the two models with the best results in our study, the 
basic ideas are simple to understand even if the execution is in-
volved. Simple decision trees make a single tree with so-called 
rational decisions at each branch point (Fig 1); these trees are 
easy to interpret but predict poorly when new data are intro-
duced. The trick used by bagged trees is to make a large num-
ber of simple trees, each of which is only weakly predictive, by 
using a subset of the data for each tree (Fig 2). Combining the 
results of these trees improves predictive power substantially 
(23). The k-nearest neighbors method works differently. When 
a set of features from a new patient is introduced, it is mapped 
onto a multidimensional space containing the features from all 

5. Segment plaque burden score. For each segment, plaque 
amount was scored as none or trace (score of 0), mild (score 
of 1), moderate (score of 2), or heavy (score of 3). The segmental 
plaque score was calculated as the sum of the individual segment 
scores (12).

Machine Learning Vessel Scores
Matlab was used for the machine learning work (Statistics 
and Machine Learning toolbox, version 2017b; Mathworks, 
Natick, Mass).

The 64 vessel features were used as inputs to the classifi-
cation models: logistic regression, nearest neighbors, bagged 
trees, and classification neural network. Nested cross valida-
tion has been shown to minimize estimation bias compared 
with the use of cross-validation alone (22). The algorithm 
uses an inner cross-validation routine to find the best set of 
hyperparameters, then uses the resulting classifier to predict 
responses on new input data in the outer cross validation 
loop. Details are provided in Appendix E1 (online). Table 
E2 (online) lists the hyperparameter values searched for each 
model type.

Table 1: Patient Characteristics

Parameter Men Women
Total no. of patients 4452 (64.6) 2440 (35.4)
Age (y) 51.2 6 11.1 57.3 6 12.2 
Median BMI (kg/m2)* 28.7 (26.3–31.6) 27.5 (23.9–32.1)
No. of patients with hypertension 2517 (56.5) 1445 (59.2)
No. of patients who smoked in past month 570 (12.8) 402 (16.5)
No. of patients with first-degree relative with premature CHD† 1074 (24.1) 721 (29.5)
No. of patients with diabetes 444 (10.0) 288 (11.8)
No. of patients with known coronary disease 122 (2.7) 72 (3.0)
No. of patients with known noncoronary atherosclerotic disease 78 (1.8) 85 (3.5)
Total cholesterol (mg/dL)‡ 226.5 6 58.4 238.0 6 57.6
LDL cholesterol (mg/dL)‡ 145.2 6 50.9 149.0 6 53.2
HDL cholesterol (mg/dL)‡ 48.1 6 13.8 59.2 6 16.4
Median triglyceride (mg/dL)*‡ 124 (86–181) 111 (80–159)

Note.—Data in parentheses are percentages unless otherwise indicated. Mean data are 6 standard devia-
tion. BMI = body mass index, CHD = coronary heart disease, LDL = low-density lipoprotein, HDL = 
high-density lipoprotein.
* Data in parentheses are interquartile range.
† Men, younger than age 55 years, or women, younger than 65 years.
‡ Lipid data were available in a subset of 3222 patients.

Table 2: Nested Cross-validation Discriminatory Performance of Machine Learning Models

Model Type All-cause Mortality (n = 380) CHD (n = 70) CHD or MI (n = 113)
Logistic regression 0.74 (0.74, 0.75) 0.82 (0.81, 0.82) 0.76 (0.75, 0.77)
K-nearest neighbors 0.77 (0.76, 0.77) 0.85 (0.84, 0.85) 0.85 (0.84, 0.85)
Bagged trees 0.77 (0.76, 0.77) 0.84 (0.83, 0.85) 0.84 (0.84, 0.85)
Classification neural network 0.75 (0.75, 0.76) 0.79 (0.78, 0.80) 0.80 (0.79, 0.81)

Note.—Data are areas under the curve; data in parentheses are 95% confidence intervals. These are the 
best results for each type of machine learning model. Every model used the same features as inputs. See 
Table E2 (online) and Appendix E1 (online) for method details. Data and code were uploaded to GitHub 
(https://github.com/kevinjohnson40/CCTA_ml_prognosis/). CHD = coronary artery heart disease, MI = 
myocardial infarction.
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interval: 0.74, 0.75) for CT Leaman score (both, P , .001 com-
pared with machine learning) for all-cause mortality. For deaths 
from coronary artery heart disease, AUC was 0.85 (95% con-
fidence interval: 0.84, 0.85) for machine learning, 0.79 (95% 
confidence interval: 0.78, 0.80) for CAD-RADS, and 0.80 
(95% confidence interval: 0.80, 0.81) for CT Leaman score (P 
, .001). Of the conventional scores, the segmental plaque score 
performed closest to the machine learning algorithm. Results for 
hold-out validation were similar (Table 4).

To move beyond a simple comparison of AUC values requires 
some kind of estimate of relative costs. A formal cost-benefit 
analysis is seldom performed in research of this type because of 
the difficulties involved in estimating those values. One alterna-
tive is to make a clinical judgment of how many false-positive 
test results we are willing to tolerate to be sure to obtain one true-
positive result (25,26). This number is on the basis of real-world 
clinical considerations. If we set this number to 10, it means that 
we are willing to tolerate the cost of 10 false-positive results to 
find one true-positive result. This might mean that we are willing 
to treat 10 patients with statins even though they will not have an 

of the existing patients (24). When the outcomes for the near-
est neighbors are known, we can simply assign the majority 
outcome to our new patient (Fig 3).

Statistical Analysis
All scores were modeled by using nested cross-validation. Model 
performance was assessed by using receiver operating character-
istic curves (perfcurve.m, Matlab; Mathworks). The indepen-
dent variable was the conventional vessel scores or the machine 
learning scores. The categorical variable was one of the three 
outcomes (ie, all cause mortality, coronary artery disease deaths, 
and coronary deaths or nonfatal myocardial infarction). The 
area under the receiver operating characteristic curve (AUC) was 
used to compare performances. A bootstrap method was used 
to compute confidence intervals (1000 iterations). The P value 
for comparison of AUC values between curves was calculated 
by using one-way analysis of variance. Discrete variables are re-
ported as proportions. Receiver operating characteristic curves 
were smoothed with splines before conversion to sensitivity ver-
sus false-positive odds graphs. Continuous variables are given 
with 95% confidence intervals. P values of .05 or less indicated 
statistical significance for all analyses (one-tailed).

Results

Population
Between February 2004 and November 2009, the data of 6892 
patients who underwent coronary CT angiography were retro-
spectively studied. Mean age of total population was 53.3 years 6  
11.9 (standard deviation). Of this population, there were 
4452 men (64.6%; mean age, 51.2 years 6 11.1) and 2440 
women (35.4%; mean age, 57.3 years 6 12.2). Of the total 
study population, 6092 patients (88.4%) were white. Women 
were significantly older than men (P , .001). Patient charac-
teristics are shown in Table 1.

Outcomes
The median follow-up time was 9.0 years (interquartile range, 
8.2–9.8 years). The National Death Index is assumed to have 
recorded almost all deaths from the beginning of 2004 to 
the end of 2015. Response rate to the two patient letters 
was 3859 patients (56.0%). The last reply was in Septem-
ber 2011. There were 380 deaths of all causes, and 70 deaths 
were attributed to coronary artery disease as the underlying 
or contributing cause, and there were 43 additional nonfatal 
myocardial infarction events.

Machine Learning
The two models with the highest performance were k-nearest 
neighbors and bootstrap-aggregated decision tree ensembles 
(bagged trees; Table 2). The performance was equivalent for the 
all-cause mortality outcome; mean AUC from k-nearest neigh-
bors was slightly higher than from bagged trees for the other out-
comes. The AUCs are compared in Table 3 and Figure 4. For all-
cause mortality, AUC was 0.77 (95% confidence interval: 0.76, 
0.77) for k-nearest neighbors. AUC was 0.72 (95% confidence 
interval: 0.72, 0.72) for CAD-RADS and 0.74 (95% confidence 

Table 3: Discriminatory Performance of Machine 
Learning Model Compared with Conventional  
Summary Scores

Parameter AUC
P Value Compared  
with KNN

All-cause mortality
 KNN 0.77 (0.76, 0.77) …
 CAD-RADS 0.72 (0.72, 0.72) ,.001
 SSS 0.72 (0.71, 0.72) ,.001
 SIS 0.75 (0.75, 0.76) ,.001
 CT Leaman score 0.74 (0.74, 0.75) ,.001
 SPS 0.76 (0.75, 0.76) ,.001
CHD deaths
 KNN 0.85 (0.84, 0.85) …
 CAD-RADS 0.79 (0.78, 0.80) ,.001
 SSS 0.78 (0.77, 0.79) ,.001
 SIS 0.82 (0.81, 0.82) ,.001
 CT Leaman score 0.80 (0.80, 0.81) ,.001
 SPS 0.83 (0.83, 0.84) .005
CHD death or MI 
 KNN 0.85 (0.84, 0.85) …
 CAD-RADS 0.80 (0.80, 0.81) ,.001
 SSS 0.80 (0.79, 0.81) ,.001
 SIS 0.83 (0.83, 0.83) ,.001
 CT Leaman score 0.82 (0.82, 0.83) ,.001
 SPS 0.84 (0.84, 0.85) .37

Note.—Data in parentheses are 95% confidence intervals. 
There were 380 deaths from all-cause mortality, 70 deaths from 
coronary heart disease, and 113 coronary heart disease deaths or 
myocardial infarction. AUC = area under the receiver operating 
characteristic curve, CAD-RADS = Coronary Artery Disease Re-
porting and Data System, CHD = coronary heart disease, KNN 
= k-nearest neighbors machine learning score, MI = myocardial 
infarction, SIS = segmental involvement score, SPS = segmental 
plaque score, SSS = segmental stenosis score.
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in treating 78% of the patients who go on to die, but the use 
of the CAD-RADS score instead will result in treating only 
56%. For coronary heart disease deaths (Fig 6), when the tol-
erated number of false-positive results is selected to be 45, the 
use of k-nearest neighbors will result in treating 93% of the 
patients who go on to die, but the use of CAD-RADS instead 
will result in treating only 69%.

To interpret the machine learning scores directly, they can be 
converted to probabilities of an event by using a calibration step 
(27). Any future machine learning–based software tool provided 

event to be sure that we treat one patient who will indeed go on 
to have an event. The correct value may not be obvious in a every 
situation, but the effect of a range of values can be examined.

Figures 5 and 6 show the clinical benefit of using the 
k-nearest neighbors machine learning score instead of the 
CAD-RADS score. On the x-axis, the clinician is asked to 
make a judgment of how many patients he or she is willing to 
treat with statins to be sure to include one patient who will 
in fact go on to have an event. For all-cause mortality (Fig 5), 
when the tolerated number of false-positive results is selected 
to be eight, the use of the k-nearest neighbors score will result 

Figure 4: Receiver operating characteristic curves. The machine learning score (k-nearest neighbors [KNN]) gives a larger area under the 
receiver operating characteristic curve than does the Coronary Artery Disease Reporting and Data System (CAD-RADS) score (P , .001) for (a) 
all-cause mortality and (b) coronary deaths. KNN gives a larger area under the curve than does the CT Leaman score (LeS; P , .001) for (c) all-
cause mortality and (d) coronary deaths. See Table 3 for all comparisons.
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formed on the basis of Coronary Artery Disease 
Reporting and Data System (CAD-RADS) score 
or other visual scoring estimates. Our hypothesis 
was that a coronary CT angiography vessel score 
generated by machine learning would be superior 
to CAD-RADS and other conventional scores in 
discriminating patients who experienced a subse-
quent adverse event from those who did not. The 
results confirm that the machine learning models 
(in particular k-nearest neighbors and bootstrap 
aggregated ensemble decision trees) did better 
discriminate these patients (for receiver operat-
ing characteristic curve comparison, see Fig 4). 
For prediction of coronary artery deaths on the 
basis of coronary CT angiography, the area under 
the receiver operating characteristic curve (AUC) 
was higher for the machine learning score than for 
CAD-RADS (AUC, 0.85 vs 0.79, respectively;  
P , .001). For prediction of all-cause mortality, the 
AUC for the machine learning score was higher 
than for CAD-RADS (AUC, 0.77 vs 0.72, respec-
tively; P , .001). When deciding whether to start 
statins, if the choice is made to tolerate treating 
45 patients to be sure to include one patient who 
will later die of coronary disease, the use of the 
machine learning score ensures that 93% of patients 
with events will be administered the drug; if CAD-
RADS is used instead, only 69% will be treated.

There is extensive evidence that the volume of 
plaque and remodeling are important prognostic 
factors and are uniquely visible on coronary CT 

angiographic images yet are not included in the CAD-RADS 
score. CAD-RADS is based on an analysis of stenoses alone, in 
the tradition of conventional coronary angiography. It should 
be conceded that CAD-RADS has several important goals, of 
which prognosis is only one, albeit an important one.

Similar to previous studies that assessed the prognostic value 
of imaging-based vessel scores, our study does not consider 

to radiologists or cardiologists should give scores calibrated in 
this way. Calibration does not affect AUC calculations.

Discussion
Scoring atherosclerotic features from coronary CT angiogra-
phy for use in prognosis estimation models is currently per-

Table 4: Nested Cross-validation Results versus Hold-out Validation Test Set Results

Model Type All-cause Mortality (n = 380) CHD (n = 70) CHD or MI (n = 113)
Logistic regression
 Nested cross-validation result 0.73 (0.73, 0.74) 0.70 (0.68, 0.71) 0.69 (0.67, 0.70)
 Hold-out validation (independent) test set result 0.76 (0.71, 0.80) 0.76 (0.62, 0.84) 0.77 (0.69, 0.84)
K-nearest neighbors 
 Nested cross-validation result 0.77 (0.77, 0.78) 0.83 (0.83, 0.84) 0.84 (0.83, 0.84)
 Hold-out validation (independent) test set result 0.77 (0.72, 0.81) 0.87 (0.82, 0.91) 0.87 (0.83, 0.90)
Bagged trees
 Nested cross-validation result 0.77 (0.77, 0.78) 0.83 (0.83, 0.84) 0.83 (0.83, 0.84)
 Hold-out validation (independent) test set result 0.78 (0.73, 0.82) 0.85 (0.78, 0.90) 0.86 (0.82, 0.90)
Classification neural network
 Nested cross-validation result 0.75 (0.75, 0.76) 0.79 (0.78, 0.80) 0.79 (0.77, 0.80)
 Hold-out validation (independent) test set result 0.77 (0.72, 0.81) 0.80 (0.69, 0.86) 0.69 (0.69, 0.77)

Note.—Data are areas under the receiver operating characteristic curve; data in parentheses are 95% confidence intervals. CHD = coronary 
heart disease, MI = myocardial infarction.

Figure 5:  Clinical benefit of the use of machine learning score versus Coronary 
Artery Disease Reporting and Data System (CAD-RADS) score in all-cause mortality. 
By adding prevalence information to receiver operating characteristic information, 
curves can be generated for CAD-RADS and machine learning model k-nearest 
neighbors (KNN). On the x-axis, the clinician chooses how many patients he or 
she is willing to treat (eg, with statins) to be sure to treat one patient who will in fact 
go on to have an event (false-positive findings vs true-positive findings). The conse-
quence is interpreted on the y-axis. In this example, the use of the KNN curve results 
in treating 78% of the patients who go on to an event whereas the use of the CAD-
RADS curve results in treating only 56%. The number of false-positive cases increases 
from left to right, until eventually it means we have decided to treat every patient 
(sensitivity would be 100% and imaging would not have any role).
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 12. Johnson KM, Dowe DA. Accuracy of statin assignment using the 2013 
AHA/ACC Cholesterol Guideline versus the 2001 NCEP ATP III guide-

nonimaging risk factors (4,21,28–30). Those pre-
vious studies did not consider machine learning 
techniques. Our principal interest is to compare 
our machine learning scores with these prior con-
ventionally derived scores. A recent study by van 
Rosendael et al (31) similar to ours reports the 
use of a gradient-boosting tree ensemble machine 
learning method to analyze vessel features. For 
all-cause mortality, van Rosendael et al showed 
all-cause mortality AUC to be 0.77, in agreement 
with our results. Motwani et al (32) applied ma-
chine learning to primary image features but also 
included a heterogeneous collection of imaging 
and nonimaging risk factors, and direct compari-
son with their results is therefore not meaningful. 

The input data and computer code used in 
our work have been uploaded to Github (https://
github.com/kevinjohnson40/CCTA_ml_prognosis), 
a public repository, to allow other researchers to 
reproduce our results and further investigate ma-
chine learning models.

Our study had limitations. This was a retrospec-
tive analysis of data acquired at the time of clinical 
radiology interpretation, and reproducibility of the 
data could not be tested. The number of permuta-
tions of features, models, and parameters was large, 
and therefore a full exploration of the entire space 
of modeling possibilities was not practical. Myocardial infarc-
tion incidence was underestimated because patient replies to two 
follow-up letters was incomplete (56%; 3859 of 6892) because 
of limited study resources; this may lead to misclassification bias. 
For CAD-RADS the cutoff between very mild and mild stenoses 
was set at 29%, not 24%, because of limitations in data collection 
categories before the new classification. This was a single-center 
study. The population was mostly white and from one suburban 
and small city area.

In conclusion, machine learning can improve the use of vessel 
features to discriminate between patients who will have an event 
and those who will not.
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