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LOMBARDI ET AL.

tomography (OCT) allows to carefully characterize coronary plaque morphology
and lumen dimensions.

Objectives: We sought to develop machine learning (ML) models based on clinical,
angiographic and OCT variables for predicting FFR.

Methods: Data from a multicenter, international, pooled analysis of individual
patient's level data from published studies assessing FFR and OCT on the same
target AICL were collected through a dedicated database to train (n=351) and
validate (n=151) six two-class supervised ML models employing 25 clinical,
angiographic and OCT variables.

Results: A total of 502 coronary lesions in 489 patients were included. The AUC
of the six ML models ranged from 0.71 to 0.78, whereas the measured F1 score
was from 0.70 to 0.75. The ML algorithms showed moderate sensitivity (range:
0.68-0.77) and specificity (range: 0.59-0.69) in detecting patients with a
positive or negative FFR. In the sensitivity analysis, using 0.75 as FFR cut-off,
we found a higher AUC (0.78-0.86) and a similar F1 score (range: 0.63-0.76).
Specifically, the six ML models showed a higher specificity (0.71-0.84), with a
similar sensitivity (0.58-0.80) with respect to 0.80 cut-off.

Conclusions: ML algorithms derived from clinical, angiographic, and OCT parameters

KEYWORDS

1 | INTRODUCTION

According to current international guidelines, fractional flow reserve (FFR)
is the gold standard in deciding whether to perform coronary
revascularization in patients with angiographically intermediate coronary
lesions (AICL).}? Intravascular imaging with optical coherence tomogra-
phy (OCT) is commonly performed to characterize coronary plaque
morphology (especially the presence of signs of vulnerability) and to guide
the optimization of percutaneous coronary intervention (PCI) results,>~”
especially when facing complex lesions, such as bifurcations.® Recently, a
randomized clinical trial” demonstrated that OCT is a valuable option over
FFR in the management of AICL. The association between FFR for
functional assessment and OCT for optimization of PCl could be a perfect
combination. However, in the “real world,” the use of both techniques
during a single procedure would collide with an increase in procedural
costs and time. Machine learning (ML) algorithms allow computers to
learn from data and experience, and to make predictions about previously
unanalyzed variables.’®** ML models have recently demonstrated
excellent performance in the analysis of cardiovascular multislice
computed-tomography (MSCT), with the goal of improving outcomes
prediction.** This is due to their ability to select and weigh individual
imaging features and to identify multidimensional relationship between
them. Classical limitations of building predictive models from traditional
statistical methods are represented by the presence of too many

can identify patients with a positive or negative FFR.

artificial intelligence, fractional flow reserve, intermediate coronary lesions, machine learning,
optical coherence tomography

predictors, nonlinear associations between factors and outcomes, and
multiple interactions between variables. ML could be used to improve
current modeling by making a more accurate and precise predictions for
the outcomes of interest. The aim of the present study was to develop,
on the basis of clinical, angiographic, and OCT parameters, different ML
models capable of classifying AICL into those with a positive FFR (<0.80)
and those with a negative FFR (>0.80).

2 | METHODS

This study complies with the guidelines for Transparent Reporting of
a Multivariable Prediction Model for Individual Prognosis or Diagno-
sis (TRIPOD)*® (Supporting Information S1: Table 2).

2.1 | Study population

This was a post-hoc analysis of the multicentric OMEF study
(NCT03573388). Patient data were pooled from studies conducted
at eight centers across Europe (ltaly, United Kingdom, Poland,
Netherlands) and Japan, that agreed to data sharing.'®"2% Patients
with acute or chronic coronary syndrome and angiographic evidence

of at least one AICL (defined as visual diameter stenosis between
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30% and 80%) in whom both FFR and OCT had been performed were
included. Principal investigators were asked to complete a structured
database by providing a series of anonymized clinical, angiographic,
OCT, and FFR data. Individual study protocols and ethical aspects

have been reported in each study.'®"2%

2.2 | Quantitative coronary angiography for
coronary lesion assessment

Quantitative coronary angiography (QCA) analyses were performed
offline with validated software on a single, selected 2D end-diastolic
image frame. Reference vessel diameters were based on the
computer estimation of the original arterial dimensions at the
stenosis site. The following angiographic parameters were calculated
and expressed as absolute values (mm): minimal lumen diameter
(MLD), proximal and distal reference diameter (RD) and lesion length
(LL). Diameter stenosis (DS) was derived from the previously

collected angiographic parameters and expressed as a percentage.

2.3 | Fractional flow reserve

Technical assessment of FFR was performed using different systems
according to the operator's discretion and/or study protocol. After
the placement of a guide catheter at the coronary ostium, a 0.014-
inch pressure monitoring guidewire was advanced beyond the target
AICL under fluoroscopic examination. Then, FFR was defined as the
lowest ratio of distal coronary pressure divided by aortic pressure
after achievement of hyperemia using intracoronary or endovenous
adenosine according to local practice at each center.?* FFR > 0.80
was defined as “negative,” and in these cases, according to guidelines,

myocardial revascularization was deferred.

2.4 | Optical coherence tomography

Target AICLs where FFR was performed underwent OCT evaluation
(after intracoronary administration of nitroglycerin). The OCT
catheter was advanced to the distal end of the target AICL and the
entire length of the region of interest was scanned. Commercially
available software were used for analyses as reported in the original
studies, and the following parameters were collected: minimum
lumen area (MLA, defined as cross-sectional area at the smallest
luminal area level), proximal reference lumen area (RLA, defined as
the cross-section at the frame with largest lumen within 10 mm
proximal to MLA and before any major side branch), distal RLA
(defined as the cross-section at the frame with largest lumen within
10 mm distal to MLA and before any major side branch), and mean
RLA (defined as [proximal RLA + distal RLA]/2). Based on these
parameters, percentage of area stenosis (%AS) was calculated using
the following formula: [(mean RLA-MLA)/mean RLA] x 100. Plaque
rupture (i.e., ulceration) was defined as a recess in the plaque

beginning at the luminal-intimal border. Plaque thrombus included
both red thrombus (intraluminal mass with high backscatter and high
attenuation) and white thrombus (intraluminal mass with high
backscatter and low attenuation). Quantitative and qualitative
parameters were in accordance with the consensus document from
the International Working Group for intravascular OCT (IWG-IVOCT)
standardization and validation.?®

2.5 | Data collection and preprocessing

The variables included in the analysis were: age, gender, smoking,
hypertension, diabetes mellitus, dyslipidemia, previous (>1 month) or
recent (within 1 month) acute coronary syndrome (ACS), previous
PCl and coronary artery bypass grafting (CABG), coronary vessel
evaluated, QCA parameters (proximal and mean RD, LL, MLD, %DS),
and OCT parameters (proximal and distal RLA, LL, MLA, %AS,
thrombus, ulceration, MLA < 2.0 mm?, %AS >73%). In addition to
the continue variables, the prespecified cut-off values adopted for
MLA and %AS were derived from the main analysis of the OMEF
study.?® Missing data for variables of interest were analyzed and
categorized as “missing completely at random,” “missing at
random,” and “not missing at random.” Overall, missing values
accounted for 2.9% of all datasets. Variables found to be missing at
random were imputed using a linear or a logistic regression method
for continuous and categorical variables, respectively.?”?2 The data
set was randomly split using a 70:30 ratio, whereby the ML
algorithm was trained on 70% of the available cases (training data
set) and tested on the remaining 30% (testing data set). After the
splitting process, the proportion of FFR positive and negative for

the target AICLs was maintained.

2.6 | Model training and validation

Six 2-class supervised ML decision models, which were selected as the
current and most common predictive model types in the literature, were
used to predict the presence of positive FFR (FFR < 0.80) or negative FFR
(FFR > 0.80) for the target AICLs. In particular, the training data set was
used to train the following six ML-based models: classification and
regression tree (CART),%’ k-nearest neighbor (kNN),*° penalized discrimi-
nant analysis (PDA),®! random forest (RF)? support vector machines
(SVM)®® and extreme gradient boosting (XGB).>* To ensure model
stability and reduce bias, a repeated 10-fold cross-validation was
performed during the training of all ML algorithms. A data set
augmentation technique (Synthetic Minority Oversampling Technique or
SMOTE) was adopted during the training process to generate more
samples for the minority class to correct for class imbalance.>®> Random
hyperparameter tuning was performed to maximize the area under the
receiver operating characteristic (ROC) curve®® The classification
performance of the ML algorithms was measured on the testing data
by comparing accuracy, area under the curve (AUC), sensitivity, specificity,
positive predictive value (PPV), negative predictive value (NPV), and F1
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score (a standard metric for ML classifiers combining precision and recall).
A positive FFR (<0.80) was labeled as “positive” class for the classification
algorithms. Next, the results were plotted using ROC curves. As per
sensitivity purpose, we also repeated the same analysis labeling
FFR < 0.75 as positive and FFR > 0.75 as negative, and excluding patients
with ACS. The testing data set was used to calculate a permutation
feature importance (PFl) score (a measure of the reduction in model
performance when the value of a single feature is randomly shuffled) that
was used to identify the variables with the greatest impact on model
prediction.>” Specifically, PFl scores were calculated as the difference in
AUC model performance before and after altering a particular indepen-
dent variable.

2.7 | Statistical analysis

Categorical variables were expressed as counts (percentages) and
compared using the X2 or Fisher's exact test. After assessing data
distribution using the Kolmogorov-Smirnov test, continuous vari-
ables were expressed as mean *standard deviation or median
(interquartile range) and compared using the independent samples
Student's t-test or the Mann-Whitney U test, according to the
distribution. The accuracy, AUC, sensitivity, specificity, PPV, NPV,
and F1 scores of the six ML models were measured. Statistical
analyses were performed using the R software for statistical
computing (R version 4.0.1, Foundation for Statistical Computing)
and SPSS v.28.0 (IBM Corp). A value of p <0.05 was considered to
indicate statistical significance.

3 | RESULTS

3.1 | Baseline characteristics

The final study population comprised a total of 502 AICLs in 489
patients. Baseline patients' characteristics are summarized in Table 1.
The mean age was 65 years, and the clinical presentation was chronic
coronary syndrome in the vast majority of the patients (about 90%).
The target vessel location was left anterior descending artery (LAD) in
311 lesions (62%), left circumflex artery (LCx) in 72 lesions (14%), and
right coronary artery (RCA) in 119 lesions (24%).

3.2 | QCA and OCT parameters

QCA and OCT parameters of AICL stratified according to the FFR values
(<0.80 or >0.80) are reported in Table 2. At QCA, with respect to those
with negative FFR, target AICLs lesion with FFR <0.80 were found to
have a significantly greater lesion length (15.2+8.8 vs. 12.5+ 6.0 mm;
p<0.001) and %DS (58.7+12.4 vs. 51.0+12.5; p<0.001), whereas
minimum lumen diameter (1.08 + 0.37 vs. 1.47 + 0.46 mm; p < 0.001) and
mean reference diameter (2.65+0.62 vs. 3.05+0.73 mm; p <0.001)
were significantly smaller. At OCT similar data were observed in the

TABLE 1 Baseline clinical characteristics.
Overall population
(489 patients)
Age, years 65.2+10.4
Male sex 368 (75.3)
Hypertension 322 (65.8)
Dyslipidemia 279 (57.1)
Diabetes mellitus 150 (30.7)
Current smoking 121 (24.7)
Family history 40 (8.2)
Clinical presentation
Acute coronary syndrome 55(11.2)
Chronic coronary syndrome 434 (88.8)
Previous myocardial infarction 132 (27.0)
Previous percutaneous coronary 234 (47.9)
interventions
Previous coronary artery by-pass surgery 8 (1.6)

Note: Data are expressed as counts (percentages) or mean + standard
deviation.

positive FFR group, with a significantly smaller MLA (1.55+0.85 vs.
291+1.64mm; p<0.001), while lesion length (15.0+6.6 vs.
127+62mm; p<0.001), and % AS (755+11.7 vs. 60.8+204,
p<0.001) were significantly greater respect to AICLs with negative
FFR. No statistically significant differences were observed in the
prevalence of OCT-detected ulceration and thrombus between the two

groups.

3.3 | Performance of ML models

The data set was randomly divided into a training data set and a
testing data set consisting of 351 (70%) and 151 (30%) patients,
respectively (Central lllustration- Figure 1). The development of ML
models was performed on the training data set using the 25 available
variables abovementioned. Then, each trained model was applied to
the testing data set to predict the presence of a positive or negative
FFR. Table 3 shows the confusion matrix containing the information
of correct and incorrect predictions of each model compared to the
actual class. Table 4 summarizes the classification performance of
each prediction algorithm. Overall, the AUC of the six ML models
ranged from 0.71 to 0.78, whereas the F1 score was between 0.70
and 0.75. The accuracy was moderate and varied between 0.66 and
0.70, in fact ML algorithms showed a mild higher sensitivity (range:
0.68-0.77) rather than specificity (range: 0.59-0.69) in detecting
patients with positive or negative FFR. Accordingly, PPV measured
was higher (range: 0.71-0.75) than NPV (range: 0.59-0.66). The ROC
curves and the PFI scores of the six ML-developed models are shown
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TABLE 2
negative FFR.

QCA and OCT findings in AICL with positive or

FFR <0.80 (289 FFR >0.80 (213

lesions) lesions) p- value
Lesion location
LAD 199 (68.9) 112 (52.6)
LCx 32 (11.1) 40 (18.8) 0.001
RCA 58 (20.1) 61 (28.6)
QCA parameters
Lesion 15.2+8.8 12.5+6.0 <0.001
length, mm
MLD, mm 1.08 £0.37 1.47 £0.46 <0.001
Mean RD, mm  2.65+0.62 3.05+0.73 <0.001
%DS 58.7+12.4 51.0+125 <0.001
OCT parameters
Lesion 15.0+6.6 12.7+6.2 <0.001
length, mm
MLA, mm? 1.55+0.85 291+1.64 <0.001
%AS, % 75.5+11.7 60.8+20.4 <0.001
Ulceration 31 (11.6) 23 (10.8) 0.805
Thrombus 13 (4.5) 10 (4.7) 0.917

Note: Data are expressed as counts (percentages) or mean + standard
deviation.

Abbreviations: AICL, angiographically-intermediate coronary lesions;
DS, diameter stenosis; FFR, fractional flow reserve; LAD, left anterior
descending; LCx, left circumflex; MLA, minimum lumen area; MLD,
minimum lumen diameter; OCT, optical coherence tomography; QCA,
quantitative coronary angiography; RCA, right coronary artery; RD,
reference diameter; %AS, percentage area stenosis.

respectively in Figures 2 and 3. Variables contributing to the model
are displayed in descending order according to their corresponding
importance scores. The absolute magnitude of a PFI score reflects
the impact of a single variable on the overall performance. In the
sensitivity analysis, using 0.75 as FFR cut-off, we found higher AUC
(0.78-0.86). Specifically, the models showed higher accuracy
(0.72-0.81) and specificity (0.71-0.84), but with a similar sensitivity
(0.58-0.80) respect to 0.80 cut-off (Table 5; and Supporting
Information S1: Table 3).

Additionally, in the sensitivity analysis excluding patients with
ACS we found an AUC ranging from 0.73 to 0.82 with an accuracy
between 0.64 and 0.76 (Supporting Information S1: Tables 4-5).

4 | DISCUSSION

The assessment of the functional significance of AICLs is recom-
mended by international guidelines when dealing with the decision to
perform coronary revascularization.>*® On the other hand, OCT is
usually used to characterize coronary morphology by providing

invaluable information about plague composition and vulnerability. In
recent years, several attempts have been made to implement image-
based mathematical models to predict the presence of myocardial
ischemia, such as quantitative flow ratio (QFR) derived from 3D-QCA
computational fluid dynamics models® or an OCT-based FFR (OFR)
computational approach.*® Hence, we assumed that OCT may
therefore provide additional insights about the functional significance
of AICL in addition to clinical and angiographic findings. To the best
of our knowledge, this is the first international multicenter study
focused on the development of ML algorithms that integrate clinical,
QCA and OCT data for the prediction of FFR results. In the present
post-hoc analysis of the OMEF study,?® which includes OCT and FFR
data obtained in the same target AICLs, six ML algorithms were
trained and tested in a multi-center cohort of 489 patients (502

coronary lesions). The main findings of this study were:

- the feasibility of the application of ML models to identify patients
with a positive or negative FFR, as their classification performance
showed an AUC between 0.71 and 0.78 which increased when
considering 0.75 as cut-off (AUC range: 0.78-0.86);

- overall, the ML models demonstrated moderate sensitivity (range:
0.68-0.77) and specificity (range: 0.59-0.69) for 0.80 cut-off and
a good sensitivity (range: 0.58-0.80) and specificity (range:
0.71-0.84) for 0.75 cut-off.

The classification performance of the ML algorithms should be
analyzed according to the specific clinical context. Models with either
high sensitivity or high specificity should be preferred depending on
the specific clinical setting. A higher sensitivity of ML models may
allow the identification of patients with a high probability of
hemodynamically significant AICL. In this way, the ML models may
be a supportive tool for physicians to identify patients requiring
revascularization of an AICL, at the expense of possible misclassifica-
tions of patients with functional significant AICLs despite a negative
FFR invasive assessment. Although our model achieved an AUC of
0.71-0.78, indicating moderate to high classification accuracy, there
is potential for further enhancement. Future studies should focus on
refining the developed models to improve their accuracy and further
evaluate their clinical applicability in the decision-making process.

A PFIl score was also calculated using the testing data set to
identify the key variables used in the different ML models.®” Overall,
MLA was confirmed to be the most important predictor of a positive
FFR. In addition, other variables influenced the classification
performance, such as age, dyslipidemia, coronary vessel evaluated,
previous MI, MLA < 2.0 mm?, MLD, proximal RLA and RD, %AS, or %
DS, although heterogeneous results were found between the
developed ML models. Of note, PFI score is calculated to describe
the algorithm used by each ML model. However, the overall
interpretability of the analysis remains uncertain because the mean-
ing of the score is still unclear, and the only reliable information about
each input variable is its ranking. These signals suggest that a
comprehensive assessment of vessel geometry might generate an

accurate prediction of FFR.
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FFR results prediction

CENTRALILLUSTRATION. FIGURE1 Flow chart of the machine learning (ML) methodology. lllustration created with BioRender. com.

[Color figure can be viewed at wileyonlinelibrary.com]

The present study utilizes data from the multicenter OMEF
study, encompassing patients from five countries across Europe and
Asia. This diverse data set allows for consideration of different clinical
settings and potential racial influences, providing a more comprehen-
sive evaluation of the model's performance. Nonetheless, external
validation in additional populations is crucial to confirm the general-
izability and robustness of these models.

The ischemic threshold for FFR that defines significant ischemia
prompting the decision toward coronary revascularization is still today
matter of debate; hence some have defined the range 0.75-0.80 as a
“gray zone."*! In a large meta-analysis revascularization of coronary
stenoses with gray zone FFR showed no advantage over a deferral
strategy in terms of MACE.*? Indeed, in a previous IVUS study
authors developed six ML models for FFR prediction (accuracy
ranging from 0.80 to 0.83), which enhanced predictive power after
the exclusions of lesions with a borderline FFR (0.75-0.80).*% In
this fashion, we performed a sensitivity analysis using a different
FFR cut-off (<0.75), which reported a higher accuracy and
specificity, but with a quite similar sensitivity. In addition, we
retained lesions from the gray zone because our main aim was to

evaluate the feasibility of using ML models to predict positive or
negative FFR in clinical practice for all patients tackled with AICL.
Although the results obtained with 0.75 as ischemic cut-off are
encouraging, we preferred to report them only as additional
analyses because the current cut-off derived from FAME 2 trial**
used in clinical practice is 0.80 and the present post-hoc analysis
was not designed to propose the application of a different cut-off.
An ongoing large, multicentric international intravascular imaging
and pressure wire trial (COMBINE-INTERVENE trial) will provide
definitive insights into this issue combining a lower ischemic cut-
off threshold (0.75) with OCT characteristics of plaque vulnerabil-
ity for coronary revascularization.

In the sensitivity analysis excluding patients with ACS we found
an AUC ranging from 0.73 to 0.82 with an accuracy between 0.64
and 0.76. Whether these improved results are due to better
classification of the model outside the context of ACS or to
overfitting related to the reduced number of patients included*>*¢
is unknown, especially since the main analysis acknowledges the
presence of ACS among the 25 variables. Further studies are needed

to answer this specific question.
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Recently, computational methods have emerged for deriving FFR
values from OCT, showcasing a good correlation with invasive
FFR.4%4748 Conversely, ML models developed in this post-hoc
analysis of the OMEF study exhibit the ability to seamlessly integrate
data from various sources, such as intracoronary imaging, coronary
angiography, and patient clinical characteristics. The clinical applica-
tion of ML models presents a more user-friendly interface for
interventional cardiologists, also circumventing additional computa-
tional time as it only requires the inference time of the included
variables. Despite the study's limitation of lacking qualitative data
from OCT, this can also be viewed as a strength. The majority of OCT
features utilized in developing the six ML algorithms are effortlessly

and swiftly generated, and many are already assessed by operators,

TABLE 3 Confusion matrices of the ML models (FFR cut-
off 0.80).
Actual class (n=151)
Model Predicted class FFR>0.80 (h=64) FFR<0.80n (n=87)
CART  FFR>0.80 39 20
FFR<0.80 25 67
KNN FFR >0.80 38 22
FFR <0.80 26 65
PDA FFR>0.80 44 28
FFR<0.80 20 59
RF FFR >0.80 41 22
FFR <0.80 23 65
SVM FFR>0.80 38 22
FFR<0.80 26 65
XGB FFR >0.80 41 28
FFR <0.80 23 59

Abbreviations: CART, classification and regression tree; FFR, fractional
flow reserve; kNN, k- nearest neighbor; ML, machine learning; PDA,
penalized discriminant analysis; RF, random forest; SVM, support vector
machine; XGB, extreme gradient boosting.

with new-generation intracoronary tools automating the generation
of crucial information such as MLA and %AS. In a new era of
personalized medicine, there is a growing demand for more accurate
risk prediction tailored to the patient. The use of ML models
may allow interventional cardiologists to interact with inputs for
individualized prediction, and to explore the impact of specific
features available from angiography in combination with OCT on

ischemia risk.

4.1 | Limitations

Our study has several limitations. First, it was a retrospective study
and therefore subject to potential selection bias. Second, although
qualitative analysis of coronary lesions provides important informa-

tion related to clinical outcomes (e.g., thin-cap fibroatheroma and/or
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FIGURE 2 ROC curves showing the accuracy in the prediction of

a positive or negative FFR. The diagonal line (black) represents the
identity line (no discrimination line). CART, classification and
regression tree; kNN, k- nearest neighbor; PDA, penalized
discriminant analysis; RF, random forest; SVM, support vector
machine; XGB, extreme gradient boosting. [Color figure can be
viewed at wileyonlinelibrary.com]

TABLE 4 Classification performance of the ML models (FFR cut-off 0.80).

Model AUC F1 score Accuracy
CART 0.71 0.75 0.70
KNN 0.73 0.73 0.68
PDA 0.75 0.71 0.68
RF 0.78 0.74 0.70
SVM 0.74 0.73 0.68
XGB 0.75 0.70 0.66

Sensitivity Specificity PPV NPV
0.77 0.61 0.73 0.66
0.75 0.60 0.71 0.63
0.68 0.69 0.75 0.61
0.75 0.64 0.74 0.65
0.75 0.59 0.71 0.63
0.68 0.64 0.72 0.59

Abbreviations: AUC, area under the curve; CART, classification and regression tree; kNN, k- nearest neighbor; NPV, negative predictive value; PDA,
penalized discriminant analysis; PPV, positive predictive value; RF, random forest; SVM, support vector machine; XGB, extreme gradient boosting.
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TABLE 5 Classification performance of the ML models (FFR cut-off 0.75).
Model AUC F1 score Accuracy Sensitivity Specificity PPV NPV
CART 0.78 0.66 0.72 0.74 0.71 0.59 0.83
KNN 0.84 0.63 0.75 0.58 0.84 0.68 0.78
PDA 0.85 0.74 0.79 0.84 0.76 0.67 0.89
RF 0.86 0.76 0.81 0.80 0.82 0.72 0.88
SVM 0.81 0.65 0.75 0.64 0.82 0.67 0.80
XGB 0.85 0.71 0.78 0.74 0.80 0.68 0.85

Abbreviations: AUC, area under the curve; CART, classification and regression tree; kNN, k- nearest neighbor; NPV, negative predictive value; PDA,
penalized discriminant analysis; PPV, positive predictive value; RF, random forest; SVM, support vector machine; XGB, extreme gradient boosting.

macrophage infiltration), we did not include these parameters in the
analysis because of a lack of data from the original database. Further
studies will be needed to address these important features. Third, the
lack of transparency in the analysis could be associated with a
difficult interpretation of the process, as previously described.*’
Predictions models generated by the ML algorithm are based on
multiple layers of analysis, but the specific process is not directly
accessible and the effects of each variable and the relationship
between them cannot be presented in a clear format. In particular,
ML does not generate measures of the effect size of individual
variables, as instead defined by the odds ratio of a multivariable

logistic regression model. Notably, the absolute value of the PFl score

does not give information regarding the real impact of the model
prediction, but it can only be used to give a ranking between variables
in terms of importance.3”-°%°1 Further research is needed to validate
the clinical utility of these scores and to develop more interpretable
models or supplementary tools to aid clinicians in utilizing ML insights
effectively. ML algorithms can identify complex patterns of nonlinear
combinations of the input variables to improve classification
performance. However, future studies should also focus on a better
categorization of the included variables to improve the interpretabil-
ity of these algorithms. Fourth, another limitation of our study is the
higher prevalence of LAD intermediate lesions, which may limit the
generalizability of our results to lesions located in the RCA and LCx
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arteries. Fifth, the lack of external validation is a limitation of the
present analysis, and future studies should focus on validating these
findings in diverse clinical environments to ensure their broad
applicability and reliability in clinical practice.

A final important limitation of this post-hoc analysis of the OMEF
study is that binary classifiers cannot be translated into continuous
hemodynamic indexes, thereby reducing the information provided by
these variables, and potentially underestimating the accuracy of the

developed models.

5 | CONCLUSIONS

The observations collected in this post-hoc analysis of the OMEF
collaborative study suggest that machine learning-derived algorithms
based on clinical, angiographic, and OCT parameters can identify
patients with a positive or negative FFR. These preliminary findings
suggest that ML algorithms might allow the selection of patients with
positive or negative FFR without the need for an invasive
intracoronary functional assessment. Appropriately designed pro-
spective studies with a larger sample size are warranted to further

determine FFR prediction.
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