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A B S T R A C T

Cardiovascular risk estimation functions predict the risk of cardiovascular events with clinical data and survival
models. These functions accurately stratify individuals into low, moderate, and high-risk categories. However,
they tend to classify a considerable number of individuals into the middle-risk category, and often, a subsequent
reclassification into high-risk groups is required. Atherosclerosis is the leading cause of cardiovascular events,
and ultrasound images of the Carotid Artery (CA) can detect its burden by measuring the carotid intima-
media thickness and identifying atherosclerotic plaques. Current risk estimation functions do not consider
ultrasound imaging. This paper proposes the use of deep ultrasound CA image features in survival models to
improve risk stratification. In particular, we define new deep CA image features, extracting information from
a convolutional neural network, and add them to an existing risk function. The experiments carried out show
that using deep image features improves the AUC of the risk function to 0.842, and these features are enough
to replace the information provided by blood biomarkers. Furthermore, the use of these features resulted in a
20% improvement in the reclassification of risk categories, specifically for individuals who suffered an event,
as shown by the net reclassification improvement metric.
1. Introduction

Cardiovascular Diseases (CVDs) are the leading cause of death in
developed countries. Most at-risk individuals of cardiovascular events
suffer from atherosclerosis, a chronic inflammatory process morpholog-
ically characterized by an asymmetric focal thickening of the innermost
layer of the artery. Ultrasound Carotid Artery (CA) images are used to
detect the burden of atherosclerosis since they provide the possibility to
measure the Carotid Intima-Media Thickness (CIMT) (see Fig. 1) of the
artery and identify the presence of atherosclerotic plaques (Mannheim
Consensus [1]). Monitoring the CIMT and detecting the atherosclerotic
plaque, as well as its characteristics or changes, may have significant
clinical relevance for CVD risk assessment.

In the field of cardiovascular epidemiology, practitioners use risk
prediction functions [2–6] to estimate the risk of suffering an event
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in a period of time. These functions are based on survival models and
estimate the risk using a set of clinical variables of each individual.
Classically, the predictive results of risk functions are divided into
different risk categories for stratification. Each risk category is defined
by an interval probability of suffering a cardiovascular event in the next
ten years. The cut-off points that define the risk stratification in low-risk
group, moderate-risk group, and high-risk group have practical implica-
tions for deciding pharmacological intervention measures. Moreover,
according to several clinical trials in primary prevention [7], treating
populations is only cost-effective in the high-risk group.

One example of these risk prediction functions is REGICOR, which
was built based on REGICOR study [2] and has shown accurate predic-
tions of cardiovascular events [2,4,5,8]. REGICOR is a population-based
observational cohort study conducted in the province of Girona (Spain).
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Fig. 1. Ultrasound CA images from two territories: common CA (left) and bulb (right).
The different parts of the CA are delimited with lines: Near wall, Far wall, Lumen,
Bulb, Carotid Intima-Media (CIM) region. In both cases, the CIMT is estimated in
the CIM region (between Lumen-Intima Interface and Media-Adventitia Interface).
Atherosclerotic plaque is also shown (portion of the CIM with a CIMT greater than
1.5 mm [1]).

Table 1
REGICOR data [2] on the ten-year incidence rate of Ischemic Heart Disease (IHD).

Risk category and Subjects (%) Subjects with IHD in the
interval probability IHD (%) risk group (%)

Low < 5 2449 (65.76%) 31 (25.83%) 1.27%
Moderate ∈ [5, 15) 1139 (30.59%) 72 (60.00%) 6.32%
High ≥ 15 136 (3.65%) 17 (14.17%) 12.50%

Total 3724 (100%) 120 (100%) 3.22%

Table 1 shows data on the ten-year incidence rate of Ischemic Heart
Disease (IHD) in a population of 3724 individuals aged between 35
and 74 years who participated in REGICOR study. The risk category
for each subject is based on the percentage probability of suffering
a cardiovascular event in the next ten years (first column). Although
the results shown in [2] are presented in four risk categories, we
have summarized the table by combining the two middle categories
(low-moderate and high-moderate) into a single category (moderate). The
second and third columns indicate the number of subjects in each
category and the number of events (IHD), respectively. The last column
shows the percentage of events that occurred in a period of ten years for
each risk category. As can be seen, the percentage of events falls inside
each interval probability. More specifically, the percentage of subjects
in the low, moderate, and high categories is 1.2%, 6.32%, and 12.50%,
respectively, which is within the interval probability estimated: [0,
5)%, [5, 15)%, and [15,.)%. On the other hand, the values in the
third column show that the moderate category concentrates the highest
percentage of events (60%). This fact makes this stratification strategy
ineffective in treating the population of the moderate group. There-
fore, new pathological information should be considered to reclassify
individuals from this group to the high-risk group.

In this research, we present a novel approach to improve the sur-
vival model for risk stratification proposed by Marrugat et al. [2]. In
particular, our approach uses deep ultrasound CA image features in the
survival model aiming at reclassifying individuals from the moderate-
to the high-risk category. In particular, we consider a deep neural
network (DNN) architecture to extract a set of deep features from the
CA images, add them to the REGICOR function, and analyze the new
survival model in terms of prediction and reclassification. We show that
the DNNs are able to learn new feature embeddings useful to improve
risk stratification by classifying events from low or moderate categories
to higher categories. To do so, we compare the performance of our
model using different sets of deep features and with another model
that uses a set of phenotypes manually defined from the CIM region.
Additionally, we assess the relevance of these features by comparing
the risk function outlined in [2] to a model with the same variables,
except for the invasive ones (i.e., those requiring blood extraction),
2

which are substituted with the image features. In this sense, we assess
a model that does not include invasive variables but incorporates
additional information about atherosclerosis, including details of the
atherosclerotic plaque location. Finally, the best sets of image features
are compared in terms of reclassification. In particular, we investigate
whether the inclusion of deep image features in the survival model
results in the reclassification of individuals who have experienced an
event from the moderate-risk group to the high-risk group.

The rest of the manuscript is organized as follows. Section 2 exposes
the related work. Section 3 presents the proposed methodology for
cardiovascular risk estimation using deep image features. Section 4
describes the REGICOR dataset used in the experiments. Section 5 ex-
plains the experimentation setup and the performance measures used.
Section 6 describes the experiments carried out and shows the corre-
sponding results. Finally, Section 7 closes with the main conclusions
and future lines of research.

2. Related work

The tissue of CA walls provides information about the patients’
arteries and cardiovascular health. For this reason, the study of ul-
trasound CA plaque images has been considered clinically relevant.
Moreover, the long induction period of atherosclerosis makes it suitable
for the study of subclinical CVD for preventive purposes. Several at-
tempts in the literature tried to assess the cardiovascular risk of subjects
using CA image features, as discussed below.

The main purpose of studies in [9,10] was to create an image-
based system to characterize the plaque and the carotid artery walls
in ultrasound CA images. In these works, authors used the lumen
diameter for risk stratification as ground truth to solve a classification
problem between two ranges: low and high risk. Their proposal was to
estimate the spatial distribution of gray levels to examine the texture
for Common CA (CCA) far and near wall, reaching high classification
accuracies with two classification methods: Support Vector Machine
(SVM) and Principal Component Analysis (PCA).

Other works [11–14] focused on analyzing the CA in longitudi-
nal studies (i.e., repeated observations of the same subjects during
a period of time). These works obtained CA image features, either
manually or using semi-automatic methods, and used them to cre-
ate risk prediction functions. Most of the image features considered
are related to IMT (mean IMT, maximum IMT, minimum IMT, IMT
variability) and atherosclerotic plaque (total plaque area, grayscale
median of plaque). Since these features are used repeatedly in the
literature, from now on, we will refer to this set of six features as
classical image phenotypes. In particular, the model presented in [13]
used the classical image phenotypes in two instants of time combined
with conventional (non-imaging) risk variables achieving better results
than classical survival models. Alternatively, Kyriacou et al. [15] used
Probabilistic Neural Networks (PNN) and SVM classifiers to combine
clinical features, phenotypes, and other CA image features (based on
texture and morphology) for plaque classification (event vs. non-event).
Despite the promising results for predicting events in individuals with
plaque, this classification task is different from the risk stratification
problem we address in this study.

Moreover, several works in the literature [16–19] compare clas-
sical risk prediction functions with different Machine Learning (ML)
approaches. The main difference between both approaches is that ML
methods use the event/non-event information for prediction (binary
classification task) and survival models use the time until the event
to predict the risk of suffering an event. In these studies, they used
classical clinical variables, also known as risk factors and some addi-
tional characteristics from a population initially free of cardiovascular
disease in a longitudinal study. The ML techniques outperform ex-
isting approaches in cardiovascular event prediction. In this context,
Weng et al. [16] compared different ML algorithms: random Forest
(RF), logistic regression, gradient boosting, and neural networks, which
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Fig. 2. Proposed methodology for the deep-stratification of the cardiovascular risk. The survival model receives an input vector with 12 features, which include 8 clinical variables
used in the REGICOR risk function and 4 deep CNN-Mask features extracted from a semantic segmentation model of the carotid intima-media [24] and transformed by PCA.
reached the best results in cardiovascular prediction. The most recent
approaches [17,18] proposed boosted ensemble algorithms followed
by automated feature selection using information gain ratio. Both of
them reached very high accuracies in cardiovascular death [17] and
cardiovascular event [18] prediction. Although they did not use CA
images, Ambale-Venkatesh et al. [19] included features from electro-
cardiography images and reached the highest accuracy using the RF
algorithm to predict the events and to select relevant features from a
large set of variables (more than 700).

In terms of subject reclassification (i.e., moving subjects who suf-
fered an event to higher risk categories and subjects free of event to
lower risk categories), recent research works [20,21] used Net Reclas-
sification Improvement (NRI) to evaluate if the addition of one or more
variables to a survival model improves its predictive capacity. In partic-
ular, these improvements are based on the reclassification of subjects
with event into higher categories. Moreover, Tamarappoo et al. [18]
applied this measure to evaluate the improvement in their proposed
ML prediction model and reached an improvement of approximately
50% in reclassification.

Finally, it is worth mentioning some studies [22,23], that charac-
terize other types of information that affect cardiovascular health but
are not conventional images or clinical variables. These studies deal
with biomedical signals, such as PPG [22] or ECG [23]. The techniques
in these two studies are, respectively, Hilbert transforms and wavelet
transforms. The results achieved in both cases are very competitive
in terms of signal characterization and detection of specific patterns.
However, this is not the focus of our study.

3. Methodology

We propose to improve the survival model based on the REGICOR
risk function [2] by combining its clinical variables with a novel set
of deep features extracted from ultrasound CA images. Fig. 2 depicts
the different stages of the proposed method, which are subsequently
described.

3.1. REGICOR clinical variables

Most of the risk prediction functions in the field of cardiovascular
epidemiology are based on survival models, which are Cox Proportional
Hazards models (CoxPh) [2–4,6]. The CoxPh analyzes the risk affecting
the survival of a population of subjects [25]. In these models, the
outcome is the time until an event occurs, and the predictor covariates
are the risk factors. In particular, CoxPh survival models, such as the
ones used in Framingham [3] or in REGICOR [2], allow us to estimate
3

the probability of suffering a cardiovascular event in the next period of
time [25], say ten years, by means of the following formula:

𝑝𝑟𝑜𝑏(𝑒𝑣𝑒𝑛𝑡|𝑥) = 1 − 𝑆𝑒𝑥𝑝(
∑𝑁

𝑛=1 𝛽𝑛𝑥𝑛−
∑𝑁

𝑛=1 𝛽𝑛𝑥𝑛), (1)

where 𝑁 is the number of risk factor variables, 𝑥𝑛 is the value of the
𝑛th variable for the individual 𝑥, 𝛽𝑛 is the Cox coefficient for the 𝑛th
variable, 𝑥𝑛 is the average value of the 𝑛th variable in the validation
population, and 𝑆 is the average ten-year survival in the validation
population. One of the best-known survival models in the literature is
Framingham [3]. REGICOR risk function [2] is a model with the same
risk factors as Framingham [3] but validated in the Spanish population.
In particular, in the REGICOR risk function: 𝑁 = 8, the average values
correspond to the Spanish population and 𝑆 is the average ten-year
survival in the Spanish population. The REGICOR risk function uses the
following eight clinical variables:

• Non-invasive variables: age, sex, diastolic blood pressure, systolic
blood pressure, and smoke.

• Blood biomarkers: diabetes, total cholesterol, and HDL cholesterol.

3.2. Deep CNN-mask features

The extraction of the deep features is based on the model defined
by Gago et al. [24] for the segmentation of the carotid intima-media.
Specifically, this work designed a semantic segmentation model that
uses the U-Net [26], a widely recognized architecture that incorporates
a downsampling path for feature extraction and an upsampling path for
region segmentation. The downsampling path of the proposed model
employs an EfficientNet B0 [27] as its backbone while maintaining the
bottleneck and the upsampling path of the original U-Net.

The deep features used in our proposal are obtained from this
semantic segmentation model. In particular, we use the deep features
extracted from the bottleneck, which is located between the down-
sampling and up-sampling paths (see Fig. 2). As the segmentation
model produces a mask of the CIM region, the 1152 features derived
in this manner are referred to as deep CNN-Mask features.

3.3. Dimensionality reduction using principal component analysis

The one in ten rule [28] used in statistics determines that the number
of variables for a survival model should be around 1 variable for every
10 events. Taking into account the number of events in our study
(3.22%, see Section 1) and the number of deep features (1152) obtained
for each territory (CCA and bulb), the dimension of the feature vector
must be reduced.
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For this purpose, we use Principal Component Analysis (PCA) [29],
an algorithm that applies a linear transformation to compress a dataset
onto a subspace of lower dimensionality while retaining the majority
of the relevant information. The number of principal components to
retain is typically determined by looking at the proportion of variance
explained by each component and selecting a threshold, such as retain-
ing the top 𝑛 components that explain a certain percentage of the total
variance.

In the current study, there are four CA images available for each
subject: left and right sides of CCA and bulb territories. The deep CNN-
Mask features are computed from the four images and then PCA is
applied. The final vector per territory is calculated as the average of
the feature vectors obtained from both sides (left and right). According
to the experimentation, a variance percentage of 85% is applied to the
two CCA images and 70% in the case of the bulb, thus obtaining two
features per territory. That is, four deep features are concatenated with
the eight REGICOR variables (which results in a final feature vector
with 𝑁 = 12), to feed the survival model, as following described.

.4. Survival model

At this point, we have obtained a 12-dimensional vector with the
ollowing features: eight clinical variables, which are the ones used in
he REGICOR risk function; and four deep CNN-mask features, which
re obtained after applying PCA to the deep features computed from a
emantic segmentation model trained on ultrasound CA images from
wo territories (CCA and bulb). These 12 features feed the survival
odel, as shown in Eq. (1), to finally estimate the probability of

uffering a cardiovascular event in the next ten years. We call this
trategy deep-stratification approach. In particular, for this work, we
valuate the respective CoxPh model (see Section 3.1), which estimates
he time until the event. This model is obtained with coxph() function

from Epi package [30] (R software [31]).

4. Dataset

This research work analyzes the participants from REGICOR [2],
a population-based observational cohort study. The dataset consists
of a sample of 5083 subjects from Girona’s Heart Registry [32] with
ultrasound CA images and other clinical information. All these data
were collected from 2007 to 2010 and the subjects represent a gen-
eral population aged between 35 and 84 who were followed up for
approximately ten years. Two trained sonographers performed the CA
US scans with an Acuson XP128 US system equipped with L75-10
MHz transducer and a computer program extended frequency (Siemens-
Acuson). US longitudinal images were obtained in B-mode with a
resolution of 23.5 pixels/mm and a size of 470 × 445 pixels. The
original images were saved in DICOM format and then converted to
PNG. The set of images collected for each subject was obtained from
left and right CA in two different territories (CCA and bulb). During
the CA acquisition, some images were discarded if the sonographers
considered that the image quality was not sufficient. Due to the poor
quality of the bulb images, they collected a total of 10,151 CCA images
and 9143 Bulb images. Among them, 4727 CCA images and 3721 bulb
images have CIMT reference values, given by the Amsterdam Medical
Center with a semi-automatic method [33].

The clinical data include eight classical risk factors used in the
REGICOR risk function. We call them REGICOR variables and they are:
ender, age, smoking, systolic and diastolic blood pressure, total choles-
erol, HDL cholesterol, and diabetes. Moreover, these data include the
ime until the event or the time to the date of the last contact. Given
he nature of our study, we only considered subjects with no history
f CVD (coronary artery disease, stroke, or intermittent claudication),
herefore 314 subjects were discarded. Finally, a total of 4769 subjects
4

ere included in the dataset.
Table 2
Summary of clinical data of the REGICOR subjects considered in this study,
grouped by ‘sex’ and with the 𝑝-value for the differences between the two
groups. Categorical variables are expressed as n (%) and continuous variables as
mean (standard deviation).

All Men Women p.value
N = 4769 N = 2620 N = 2149

Age 59.5 (11.8) 59.7 (11.8) 59.4 (11.8) 0.483
Total cholesterol 205 (35.5) 209 (35.2) 201 (35.3) <0.001
HDL cholesterol 52.7 (11.8) 56.6 (11.6) 48.0 (10.3) <0.001
Systolic blood pressure 129 (19.7) 126 (20.1) 133 (18.2) <0.001
Diastolic blood pressure 77.2 (10.1) 75.1 (9.77) 79.7 (9.91) <0.001
Diabetes 608 (12.7%) 252 (9.62%) 356 (16.6%) <0.001
Smoke 810 (17.1%) 347 (13.3%) 463 (21.7%) <0.001
Event 151 (3.17%) 58 (2.21%) 93 (4.33%) <0.001

Table 2 shows a summary of the clinical data considered in this
research. Note that, from the analyzed cohort of 4769 subjects who
were free from CVD at baseline, there are 151 incident cases (3.17%)
with cardiovascular events (acute myocardial infarction, other ischemic
heart diseases, stroke, and the same causes of death) during the ten-year
follow-up period.

5. Experimental setup

This section describes the setup used in the experimentation carried
out to evaluate our deep-stratification approach. First, we explain the
performance measures to evaluate the prediction capability of the
survival model and the reclassification. Next, we describe the train–test
split applied to the REGICOR dataset for validation purposes.

Note that the code of our proposed framework will be publicly
available after paper acceptance.2

5.1. Evaluation metrics

In order to evaluate the performance of our deep-stratification
approach we used two different metrics: the Area Under the Curve
(AUC) and the Net Reclassification Improvement (NRI).

The AUC metric is used to assess the performance of the survival
model. In this context, this metric agrees with Harrell’s C [34], which
is a goodness of fit measure of risk scores models such as statistical
survival models.

On the other hand, NRI [35] is used to evaluate the reclassification
improvement in risk prediction. NRI is a widely used metric in the
recent clinical literature [18,20,21], which intuitively summarizes the
improvement in the classification of individuals in risk categories.
Therefore, it is used to summarize the incremental improvement ob-
tained with new variables. The total improvement is the sum of the
improvements in the reclassification of individuals without event and
with event separately as is shown in the following formula:

𝑁𝑅𝐼 = (𝑁1 −𝑁2) + (𝑁3 −𝑁4) (2)

where 𝑁1 and 𝑁2 are the percentages of individuals who have suffered
an event and those who have been reclassified into higher and lower
categories, respectively; and 𝑁3 and 𝑁4 are the percentages of indi-
viduals free of event who have been reclassified into lower and higher
categories, respectively.

Note that when the problem is the probability of suffering an event
during a period of time, we use the event variable (yes/no) and the time
until the event (or the time until the date of the last contact in case of
non-event subjects). For this reason, the statistical techniques utilized
for NRI, such as the nricens function from nricens[36] package (R
software [31]), which is employed in this study, incorporate survival
functions that consider the time to the event in addition to the values
shown in the formula. That is, these functions generate an NRI output
that cannot be derived directly from the aforementioned formula (2).

2 https://github.com/mmarvila/CA_deep_stratification.

https://github.com/mmarvila/CA_deep_stratification
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Table 3
Number of images in the REGICOR dataset: train–validation–test split to evaluate the
image-based features (CIMT GT) and test split to evaluate the survival models (CIMT
GT + NO CIMT GT).

Train Validation Test Total

CIMT GT CCA 2836 946 945 4727
Bulb 2232 744 745 3721

NO CIMT GT CCA 5424 5424
Bulb 5422 5422

Total CCA 2836 946 6369 10 151
Bulb 2232 744 6167 9143

5.2. Train–test split

Table 3 shows the number of images used to evaluate our deep-
stratification approach. As explained in Section 4, the REGICOR dataset
contains a total of 10,151 CCA images and 9143 bulb images. Among
them, 4727 CCA images and 3721 bulb images have CIMT reference
values that can be used as the Ground Truth (GT) for CIMT estimation.
Note that the first two rows of the table (CIMT GT) correspond to the
same train–validation–test split used in [24] (60% training set, 20%
validation set, and 20% test set), which has been used here to evaluate
image-based features.

The images without CIMT values can be used for the evaluation of
the survival model. For this reason, we have also considered them and,
therefore, the test set used in this case is composed of 6369 CCA and
6167 bulb images.

6. Results

This section details the four experiments conducted to evaluate our
deep-stratification approach and analyzes the results obtained. The first
two experiments are intended to select the best set of image-based fea-
tures. In particular, we compare two sets of deep features in Experiment
1 and a set of hand-crafted features in Experiment 2. In both cases,
we consider two territories (CCA and bulb) and several sizes of feature
vectors. Next, in Experiment 3, we assess the relevance of the image-
based features with respect to the blood biomarkers. For this purpose,
we compare the survival model of the REGICOR function [2] but with
the image-based features instead of the blood biomarkers. Finally, in
Experiment 4, we analyze the most competitive configurations of the
previous experiments in terms of the reclassification of the survival
model.

The computational time and complexity of the proposed method-
ology mostly depends on the model used to extract deep features. As
mentioned in [37], the time needed to process an input image is 0.026 s
using a GeForce RTX 2080ti 11 GB GPU also from NVIDIA. On the other
hand, the computational time to obtain the proposed CoxPh survival
model is less than one millisecond per individual.

6.1. Experiment 1: Analysis of the deep features

In order to evaluate the adequacy of the proposed deep CNN-
Mask features, we compare them with another set of deep features.
For the extraction of the alternative deep features, we use a CNN
model defined for CIMT estimation and plaque detection in [24]. This
model was tuned using Bayesian optimization, with a final architecture
composed of four blocks of convolutional layers followed by a max-
pooling operation and two blocks of fully connected layers followed
by batch normalization and dropout. In this case, the deep features
were extracted from the second block of fully connected layers. The
32 features derived in this manner are referred to as deep CNN-CIMT
features.

As we mentioned in Section 4 the CA images of the REGICOR dataset
correspond to two territories, CCA and bulb. The quality of the images
5

Table 4
Kept variance and number of features obtained when applying PCA to the two sets of
deep features.

Territory CNN-Mask CNN-CIMT

Var. No. feats. Var. No. feats.

CCA

99% >8
95% 4 90% >8
85% 2 85% 8
70% 1 70% 5

BULB

95% >8 95% >8
90% 5 90% 6
85% 4 85% 4
70% 2 70% 2

in CCA is better, whilst there is an increased burden of atherosclerotic
plaque in the bulb images. For this reason, we compute the deep
features from both territories, individually and jointly for comparison.

For each CA image, the size of the feature vector is 1152 for the
proposed deep CNN-Mask features and 32 for the alternative deep CNN-
CIMT features. Since the number of events in the dataset is small (151
from 4769 subjects, see Table 2), the size of the feature vectors must
be reduced. As previously explained in Section 3.3, the number of
events in the dataset should be about 10 per risk factor variable in the
survival model [28]. Thus, we set the maximum number of variables
to be included in the survival model to 16. Taking into account that
our proposed model already includes the 8 REGICOR risk function
variables [2] (see Fig. 2), the number of deep features should be less
than or equal to 8. To reduce the size of the two feature vectors
considered, we apply PCA to obtain a maximum of 8 variables and keep
at least 70% of the variance. Table 4 shows the number of features
obtained after applying PCA with different variance percentages. For
CCA images, a variance of 99% in deep CNN-Mask features and 90% in
CNN-CIMT features result in feature vectors with more than 8 variables,
so lower variances must be considered for the proposed survival model.
Regarding the other territory, bulb, a variance lower than 95% must be
considered in both feature sets.

As detailed in Section 3, each subject has two CA images (left and
right) per territory (CCA and bulb). Thus, the final feature vector is
calculated as the average of the feature vectors extracted from both
sides. In case one of the two images is missing, the subject is discarded.
For this reason, using the 6369 CCA and 6167 bulb images mentioned
in Section 5.2, we obtain the deep features for the following number of
subjects: 2796 subjects for CCA, 2760 subjects for bulb, and 2501 for
both territories.

Table 5 shows the performance of the survival model using the
two sets of deep features (CNN-Mask and CNN-CIMT), in the two
territories (CCA and bulb) individually and jointly, and with different
kept variances for PCA, based on the results reported in Table 4. In
all cases, the deep features are concatenated with the 8 REGICOR
variables [2] that are used as the baseline (AUC = 0.825). For each
configuration, we report the total number of features (No. feats.), the
predictive capacity of the survival model (AUC), the AUC increase with
respect to the baseline, and the 𝑝-value of the AUC increase, which is
considered statistically significant if 𝑝 < 0.06. Note that equal values
in the AUC metric have different increments due to rounding precision
(three decimal digits), and vice versa.

As can be observed, the AUC increase reaches statistically signif-
icant values using either of the two sets of deep features. However,
the best AUC results are obtained with the deep CNN-Mask features,
with AUC greater than 0.840 in several configurations. With respect
to the two territories, their combination provides the highest values
when the deep CNN-Mask features are applied. Regarding the number
of features, the highest AUC values are obtained with larger feature
vectors, mainly because these configurations correspond to the joint
use of the two territories. Note that the configurations that achieve
statistically significant results (𝑝 < 0.06) are selected for further analysis

(Experiments 3 and 4).
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Table 5
Experiment 1. AUC results of the survival model fed with the 8 REGICOR variables and
different sets of deep features (CNN-Mask and CNN-CIMT), applied to the input images
of two territories (CCA and bulb). The number of features obtained after applying PCA
to the deep features is specified between parentheses (F), after the variance percentage.
The statistically significant results (𝑝 < 0.06) are in bold.

Deep Territory No. AUC

features CCA Bulb feats. AUC increaseb 𝑝

CNN-Mask PCA 95% (4F) – 12 0.831 0.007 0.118
CNN-Mask PCA 85% (2F) – 10 0.831 0.006 0.230
CNN-Mask PCA 70% (1F) – 9 0.827 0.002 0.628
CNN-Mask – PCA 90% (5F) 13 0.842 0.018 0.050
CNN-Mask – PCA 85% (4F) 12 0.842 0.017 0.052
CNN-Mask – PCA 70% (2F) 10 0.834 0.010 0.296
CNN-Mask PCA 95% (4F) PCA 85% (4F) 16 0.847 0.023 0.008
CNN-Mask PCA 85% (2F) PCA 90% (5F) 15 0.846 0.022 0.016
CNN-Maska PCA 85% (2F) PCA 70% (2F) 12 0.842 0.017 0.054

CNN-CIMT PCA 85% (8F) – 16 0.833 0.008 0.076
CNN-CIMT PCA 70% (5F) - 13 0.832 0.008 0.046
CNN-CIMT – PCA 90% (6F) 14 0.835 0.011 0.198
CNN-CIMT – PCA 85% (4F) 12 0.836 0.011 0.070
CNN-CIMT – PCA 70% (2F) 10 0.834 0.010 0.296
CNN-CIMT PCA 70% (5F) PCA 70% (2F) 15 0.836 0.011 0.066

a Our proposed method.
b AUC increase with respect to the 8 REGICOR variables [2] (baseline).

6.2. Experiment 2: Analysis of the hand-crafted features

The aim of this experiment is to analyze the use of a new set of hand-
crafted features, which could replace the deep features in our proposed
methodology (see Fig. 2). Based on the classical image phenotypes men-
tioned in Section 2, we consider six phenotypes manually defined from
the CIM region (see Section 1). Thus, for each CA image we obtain the
following image features: mean IMT, maximum IMT, minimum IMT,
IMT variability, Total Plaque Area (TPA), and Grayscale Median (GSM)
of plaque. Notice that TPA is measured in mm2 and it is estimated in
the region where the CIMT reaches more than 1.5 mm, following the
Mannheim consensus [1]. GSM refers to the grayscale median value in
the same area where TPA is evaluated.

These phenotypes are extracted from the four CA images available
for each subject (left and right sides of CCA and bulb territories),
thus obtaining a total of 24 phenotypes per subject. As previously
explained in Section 6.1, a maximum of 8 image-based features should
be added so a dimensionality reduction procedure must be applied. The
definition of these 24 hand-crafted features is based on prior knowledge
about specific characteristics of the carotid images. Therefore, we can
reduce the number of features, from 24 to a maximum of 8, by selecting
the most relevant phenotypes according to the results of a statistical
analysis performed on the training data. The procedure carried out is
summarized as follows:

• Base-e logarithmic adjustments. Some phenotypes are not nor-
mally distributed and hence they should be normalized using
base-e logarithmic adjustment. These phenotypes are mean IMT,
maximum IMT, and IMT variability (on both sides).

• Categorization of variables. Due to the low percentage of
plaques (3.4% in CCA and 25.8% in bulb), TPA and GSM phe-
notypes are categorized into three classes. The categories for TPA
are non-plaque, small plaque, and high burden of plaque, where the
threshold between the last two categories is the median of all TPA
values from the same side (five for CCA and six for bulb). GSM is
categorized into non-plaque, echolucent, and non-echolucent, where
the threshold for echolucency detection is the third quartile of all
GSM values from the same side (107 in CCA and 95 in bulb).
Finally, in order to analyze the interaction between the TPA and
the GSM phenotypes, we create a new variable as a combination
of both. The categories of this new variable are non-plaque (the
6

subject does not have any plaque), small plaque and non-echoic
Table 6
Coefficients for the CoxPh model and 𝑝-values of the risk factors used in the
survival model: eight factors from the REGICOR risk function and the six hand-crafted
phenotypes selected based on the statistical analysis performed.

Risk factor Territory Coefficient 𝑝

Age – 0.06 <0.01
Sex – 0.38 0.06
Total cholesterol – 0.01 0.04
HDL cholesterol – −0.03 0.00
Systolic blood pressure – 0.00 0.62
Diastolic blood pressure – 0.01 0.23
Diabetes – 0.49 0.02
Smoker – 0.12 0.66

log(mean IMT) CCA 2.55 <0.01
minimum IMT CCA −1.26 0.26
log(IMT variability) CCA −0.43 0.17
Small plaque and echoic CCA −0.61 0.32
Huge plaque and non-echoic CCA 0.36 0.59
Huge plaque and echoic CCA −0.70 0.25

log(mean IMT) Bulb −1.48 0.30
minimum IMT Bulb 0.22 0.83
log(IMT variability) Bulb 0.71 0.14
Small plaque and echoic Bulb 0.15 0.61
Huge plaque and non-echoic Bulb 0.13 0.78
Huge plaque and echoic Bulb 0.26 0.44

(the subject has at least plaque in one side of the arteries, but
none is huge or echoic), small plaque and echoic (the subject has
at least plaque in one side that is echoic, but there is not any huge
plaque), huge plaque and non-echoic (the subject has at least a huge
plaque that is not echoic), and huge plaque and echoic (the subject
has at least a huge plaque that is echoic). This categorization
is done for CCA phenotypes and bulb phenotypes separately.
Finally, since there is no event in the small plaque and non-echoic
category for CCA, we merge it with the non-plaque category.

• Mean between left and right sides. In order to reduce the
number of phenotypes, the mean IMT, maximum IMT, minimum
IMT, and IMT variability are defined as the average of right and
left side values [32]. If a value is missing on one side, we use the
available value for this subject. If the value is missing on both
sides, then the phenotype is considered missing.

• Co-linearity. We eliminate co-linear variables using the Variance
Inflation Factor (VIF) [37]. In particular, we analyze all the
variables from the model and discard the ones with VIF > 2.
Maximum IMT phenotypes from CCA and bulb are also discarded
for the model.

• Discarding variables. Ultimately, our approach involves system-
atically eliminating non-statistically significant phenotypes from
the survival model. However, we make a deliberate choice to
retain the phenotype variables that are deemed confounders. Note
that a variable is considered a confounder if at least one of the
coefficients of the variables that remained in the model changed
more than 15%. After the analysis, all the selected phenotypes are
considered confounders so we keep all of them.

As a result, Table 6, shows the coefficients for the CoxPh model
see Section 3.1) and their corresponding 𝑝-value. These coefficients
orrespond to a survival model including the eight REGICOR variables
nd the eight phenotypes selected. Note that the variable is statistically
ignificant for the model if 𝑝 < 0.06.

Table 7 shows the performance of the survival model using the
and-crafted features in the two territories (CCA and bulb), individually
or the Statistical Analysis (SA) above described and jointly for PCA
maximum 8 variables and at least 70% of variance). In all cases, the
and-crafted features were concatenated with the 8 REGICOR vari-
bles [2] that are used as the baseline (AUC = 0.825). As in Experiment
, we report the total number of features (No. feats.), the predictive
apacity of the survival model (AUC), the AUC increase with respect to
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Table 7
Experiment 2. AUC results of the survival model fed with the eight REGICOR variables
and the hand-crafted features applied to the input images of two territories (CCA and
bulb). SA stands for statistical analysis and PCA is followed by the variance percentage
applied. In both cases, the number of features obtained is specified between parentheses
(F). The statistically significant results (𝑝 < 0.06) are in bold.

Image Territory No. AUC AUC 𝑝

features CCA Bulb feats. increasea

Hand-crafted SA (4F) – 12 0.843 0.018 0.010
Hand-crafted – SA (4F) 12 0.839 0.015 0.116
Hand-crafted SA (4F) SA (4F) 16 0.856 0.031 0.004

Hand-crafted PCA 99% (5F) 13 0.830 0.006 0.278
Hand-crafted PCA 95% (4F) 12 0.826 0.001 0.734
Hand-crafted PCA 90% (3F) 11 0.824 −0.001 1.314
Hand-crafted PCA 80% (2F) 10 0.824 <0.000 1.280

a AUC increase with respect to the 8 REGICOR variables [2] (baseline).

the baseline, and the 𝑝-value of the AUC increase, which is considered
tatistically significant if 𝑝 < 0.06. Note that equal values in the

AUC metric have different increments due to rounding precision (three
decimal digits), and vice versa.

As can be seen, the AUC increase is statistically significant when
using the features selected by the statistical analysis on the CCA ter-
ritory, both individually or combined with the bulb. In particular, the
best performance is achieved when using the two territories jointly. On
the contrary, the configurations that used the feature vectors obtained
after applying PCA to the hand-crafted features do not have statistical
significance. Note that the configurations that achieve statistically sig-
nificant results (𝑝 < 0.06) are selected for further analysis (Experiments
3 and 4).

6.3. Experiment 3: Analysis of the REGICOR variables

The aim of this experiment is to analyze the power of image-
based features and see if it is possible for them to replace the 3 blood
biomarkers used in the REGICOR risk function [2].

Table 8 shows the performance of the survival model using the
5 non-invasive REGICOR variables concatenated with the different
configurations of image-based features selected in the previous experi-
ments, according to their statistical significance. Note that the target
of the experiment is to analyze if these features can replace the 3
blood biomarkers, so the 8 REGICOR variables are used as the baseline
(AUC = 0.825). As in previous experiments, we report the total number
of features (No. feats.), the predictive capacity of the survival model
(AUC), the AUC increase with respect to the baseline, and the 𝑝-value
of the AUC increase, which is considered statistically significant if
𝑝 < 0.06. Note that equal values in the AUC metric have different
increments due to rounding precision (three decimal digits), and vice
versa.

As can be observed in Table 8, there is a positive increment in most
of the survival models fed with image-based features with respect to
the survival model fed with the three blood biomarkers (REGICOR risk
function [2]). Note that only in the case of the deep CNN-CIMT features
the AUC increment is negative.

6.4. Experiment 4: Analysis of the reclassification results

This experiment aims at analyzing the models selected in Experi-
ments 1 and 2 in terms of their reclassification results for cardiovascular
events. For this purpose, we consider the NRI metric (see Section 5.1)
and the following cut-off points, which correspond to the risk categories
defined in [2] and discussed in Table 1:

• low: Subjects with a probability of suffering an event <0.05.
• low-moderate: Subjects with a probability of suffering an event in

the range [0.05, 0.1).
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Table 8
Experiment 3. AUC results of the survival model fed with the five non-invasive
REGICOR variables and different configurations of image-based features selected in
Experiments 1 and 2, applied to the input images of two territories (CCA and bulb). SA
stands for statistical analysis and PCA is followed by the variance percentage applied.
In both cases, the number of features obtained is specified between parentheses (F).

Image Territory No. AUC 𝑝

features CCA Bulb feats. AUC increaseb

CNN-Mask – PCA 90% (5F) 10 0.826 0.002 0.894
CNN-Mask – PCA 85% (4F) 9 0.826 0.002 0.892
CNN-Mask PCA 95% (4F) PCA 85% (4F) 13 0.831 0.007 0.57
CNN-Mask PCA 85% (2F) PCA 90% (5F) 12 0.831 0.006 0.63
CNN-Maska PCA 85% (2F) PCA 70% (2F) 9 0.827 0.002 0.874

CNN-CIMT PCA 70% (5F) – 10 0.813 −0.012 1.716

Hand-crafted SA (4F) – 9 0.825 0.000 0.978
Hand-crafted SA (4F) SA (4F) 13 0.839 0.014 0.352

a Our proposed method.
b AUC increase with respect to the 8 REGICOR variables [2] (baseline).

• high-moderate: Subjects with a probability of suffering an event in
the range [0.1, 0.15).

• high: Subjects with a probability of suffering an event ≥0.15.

Table 9 shows the performance of the survival model using the 8
REGICOR variables [2] concatenated with the different configurations
of image-based features selected in Experiments 1 and 2, according to
their statistical significance. For each configuration, we report the total
NRI value (NRI) and its Confidence Interval (CI), the NRI value for the
subjects who suffered an event (NRI events) and its CI, and the NRI
value for the subjects free of event (NRI controls) and its CI. Note that
the NRI values are statistically significant if their CI does not include 0
and they are shown in bold.

The results presented in Table 9 indicate statistically significant
improvements in reclassification for three specific configurations. These
improvements were achieved using deep features, resulting in an in-
crease of more than 17%. Only these three configurations show sta-
tistically significant results in either the ‘‘NRI events’’ or in the ‘‘NRI
controls’’ column. Particularly, with our proposal, we show a significant
increment in subjects who suffered an even, with an NRI of 20.02%,
while the increment using CNN-CIMT features is lower, 17.14%. In-
stead, the other configuration using CNN-Mask shows a statistically
significant increment in subjects free of event, although it is relatively
small (1.8%). In contrast, the results obtained from the hand-crafted
features do not demonstrate statistical significance in any case.

Table 10 shows the reclassification of the event group using the
previously defined risk categories. The risk categories and the number
of subjects are shown using the REGICOR risk function [2] (rows) and
our proposal (columns). The values above the diagonal indicate subjects
that have been assigned a higher category compared to REGICOR [2].
Conversely, values below the diagonal represent the number of subjects
that have been downgraded. Similarly, the values on the diagonal
indicate the number of subjects classified with the same category using
both our proposal and REGICOR [4]. Although here we cannot show the
calculation of the NRI values (as we mentioned in Section 5.1) Table 10
shows that, for the events, there are many more individuals who are
reclassified into higher categories (17 = 2 + 5 + 6 + 4) than not than
lower categories (4 = 1 + 1 + 1 + 1).

6.5. Comparison with the literature

The predictive capacity of our proposed method (AUC = 0.842,
Table 5) is similar to or higher than the results proposed in the
literature (see Section 2). Even without the 3 blood biomarkers used
in the REGICOR risk function, we achieved a good cardiovascular risk

prediction (AUC = 0.827, Table 8).
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Table 9
Experiment 4. NRI results of the survival model fed with the 8 REGICOR variables and the different configurations of image-based features
selected in Experiments 1 and 2, applied to the input images of two territories (CCA and bulb). SA stands for statistical analysis and PCA is
followed by the variance percentage applied. In both cases, the number of features obtained is specified between parentheses (F). The statistically
significant results (CI does not include 0) are in bold.

Image Territory NRI NRI events NRI controls

features CCA Bulb [CI 95%] [CI 95%] [CI 95%]

CNN-Mask – PCA 90% (5F) 11.54 9.99 1.55
[−0.05; 0.30] [−0.07; 0.28] [0.00; 0.03]

CNN-Mask – PCA 85% (4F) 11.56 10.05 1.52
[−0.05; 0.30] [−0.07; 0.28] [0.00; 0.03]

CNN-Mask PCA 95% (4F) PCA 85% (4F) 17.91 16.1 1.81
[0.01; 0.34] [−0.01; 0.32] [0.01; 0.03]

CNN-Mask PCA 85% (2F) PCA 90% (5F) 16 14.76 1.24
[−0.01; 0.32] [−0.02; 0.31] [<0.00; 0.03]

CNN-Maska PCA 85% (2F) PCA 70% (2F) 20.82 20.02 0.81
[0.04; 0.38] [0.03; 0.37] [−0.01; 0.02]

CNN-CIMT PCA 70% (5F) – 17.50 17.14 0.36
[0.03; 0.33] [0.03; 0.32] [−0.01; 0.01]

Hand-crafted SA (4F) – 9.79 8.85 0.95
[−0.03; 0.21] [−0.04; 0.20] [<0.00; 0.02]

Hand-crafted SA (4F) SA (4F) 6.47 5.58 0.9
[−0.11; 0.26] [−0.12; 0.25] [−0.01; 0.02]

a Our proposed method.
Table 10
Comparison between the REGICOR risk function [2] and our proposed method in terms
of reclassification results for cardiovascular events.

REGICOR Our proposed method

risk function <0.05 [0.05, 0.1) [0.1, 0.15) ≥0.15 Total

<0.05 24 2 0 0 26
[0.05; 0.1) 1 4 5 6 16
[0.1; 0.15) 1 1 2 4 8
≥0.15 0 0 1 9 10

Total 26 7 8 19 60

The best result found in the literature is reported in [13] (AUC
0.93). This study uses risk factors and phenotypes at two different

times, thus making data collection more complex. Regarding the ML
approaches, we do not reach the results reported in [19] (AUC = 0.86),
but their proposed survival model includes data from questionnaires
(lifestyles, history, medication, etc.), more biomarkers, electrocardio-
graphy, and magnetic resonance imaging features. That is, they use
a set of characteristics that make the study more expensive and that
are not appropriate to be obtained in primary care centers. Regarding
deep features, our best result is with ‘‘PCA 95%, CCA & 85%, BULB’’
features, which reach 0.847 in the AUC metric (Table 5). In the litera-
ture, we also found the study conducted by Rine Nakanishi [17] who
demonstrates a slightly superior AUC result of 0.85. However, they do
use computed tomography images, a more expensive technique than US
imaging.

In terms of reclassification, the total NRI reported by Tamaroppoo
et al. [18] (53%) is better than the one obtained with our method
(20.82%, Table 9). However, our method outperforms it in the event
group, which is the objective of the presented proposal due to its clin-
ical relevance. More specifically, the NRI of the event group reported
in [18] is 8% versus 20.02% achieved with our proposal.

7. Conclusions

This work presents, for the first time in the literature, a survival
model that integrates CA image features extracted from deep neural
networks. The new survival model is capable of predicting the risk of
suffering a cardiovascular event, which results in a deep-stratification
of the cardiovascular risk. The proposal improves the survival model
presented in [2] by adding information from CA ultrasound images. For
8

that, we concatenated deep features from a CNN previously defined for
CA image semantic segmentation. These features are able to improve
the model in terms of prediction (AUC = 0.84, with an increment of
0.017 with respect to REGICOR risk function [2]) and reclassification
(NRI = 20.8%, NRI events = 20%). We successfully achieved a reduc-
tion in the number of individuals in the middle-risk category and moved
them to the high-risk category, which is our main goal.

In order to validate our proposal, we performed a comparison of
different sets of image features and different configurations of these
features. First, we compared our proposal with another set of deep
features that reached a statistically significant improvement in predic-
tion and reclassification, but with a smaller increase than with our
proposal (AUC = 0.83, NRI = 17.5%, and NRI events = 17.1%). Second,
we compared with a set of phenotypes manually defined from the
CIM region and selected according to the statistical analysis results.
In this case, the improvement reached in prediction is high (AUC =
0.86) and statistically significant, but the findings in reclassification
were not statistically conclusive. In addition, our findings demon-
strate that CA image features are able to replace invasive variables,
such as blood biomarkers, while simultaneously providing localized
information concerning atherosclerotic plaque.

The main limitation of our work is the small number of events in
the dataset (151 events over 4769). With so few events, we are forced
to greatly reduce the number of new image features and we are also
exposed to overfitting. In this scenario, the survival models may not
have enough statistical power to show all the differences between the
different sets of image features. In addition, the proposed method has
been tested on a single dataset, so it has not been possible to analyze
its generalizability.

For future research, it would be useful to validate our method with
an independent cohort that has more events. This would allow us
to overcome the aforementioned limitations, increasing the statistical
significance of the study and testing the power of generalization of
our approach. In addition, it would be interesting to use other deep
features obtained with CNNs combined with other deep neural net-
works trained for another task, such as a binary classification task
(to predict event/non-event) or a regression task (to estimate the time
until the event). Another line of research could be the interpretability
of the specific features extracted from CA images. Understanding the
contribution of individual features to the survival model, for example
generating saliency maps, can provide information about which regions
in CA images are associated with cardiovascular risk. Finally, it would
be interesting to perform a longitudinal analysis of the deep features,
including changes over time in CA, as it is suggested in [13], which

uses risk factors and phenotypes at two different times.
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