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Abstract. Personalized medicine is gaining interest as patients
require information on the of a certain drug, treatment or life-
style recommendation. Cardiovascular disease is the leading
cause of mortality worldwide and one of the most severe compli-
cations of this disease is coronary artery calcification (CAC).
Numerous patients are interested in complementary medicine
and dietary supplements, one of these being aged garlic extract
(AGE). The aim of the present study was to validate a predic-
tion model to explore whether an individual patient will have
a positive effect of AGE on their CAC and blood pressure.
The algorithm in the present study was constructed using a
cross-industry standard process for data mining. It comprised
a logistic regression model and the selected method for vali-
dation was leave-one-out cross-validation. The developed
algorithm was used to predict whether a patient would benefit
from AGE or not. The present study demonstrated that it is
possible to develop predictive models classifying patients into
who would have the optimal results from treatment with the
AGE supplement or not. The constructed algorithm was able to
predict with 64% precision which patient would have a signifi-
cant reduction of CAC and with 66% precision which patient
would have a significant blood-pressure lowering effect, using
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the AGE supplement for 12 months. For a number of patients, it
is essential to determine whether they will have an effect before
changes are made to their daily lives. The developed algorithm
in the present study demonstrates that it is feasible to develop
models to answer this question.

Introduction

Patients are becoming more educated regarding their health
care and studies have shown that both diet and ethnicity with
genetic variants influence cardiovascular disease (CVD)
development (1-4). Since CVD is considered the leading cause
of mortality worldwide, preventing, reducing and lessening
the development of the disease is critical for improving
mortality and morbidity rates (5). Lifestyle and daily diet vary
considerably between countries and continents, and this has
been shown to affect the development of CVD (6-11). Patients
who are aware of this wish to know what effect they will
have from a certain treatment, medicine or lifestyle change.
From a medical professional point of view, it is crucial to have
information on whether a recommended treatment or lifestyle
change will be effective for an individual patient. Variations
in the effects of drugs between patients have been observed
and even more will be discovered in the future (12,13). From
a health-care planning perspective, finances can be distributed
more accurately there is available knowledge on whether a
patient will experience the desired effect of a drug considered
for prescription. Personalized medicine is currently being
more commonly requested by patients, medical professionals
and politicians.

Garlic (Allium sativum L.) has played a paramount role
in traditional medicine, dating back to the ancient Egyptians.
Garlic extracts have been shown to increase nitric oxide
synthase activity, a critical part of vascular function and angio-
genesis (14). Aged garlic extract (AGE), a garlic supplement,
contains a number of active ingredients, one of these being
S-allylcysteine (SAC) (15). SAC has antioxidant properties, it
prevents lipid and protein oxidation, and is the most exten-
sively studied component of AGE (16-18). Ahmadi et al (19)
demonstrated that AGE was associated with a reduction in
the levels of an inflammatory biomarker, a lack of progres-
sion of coronary artery calcification (CAC) and with increased
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vascular function. In their studies, Budoff er al (20-22)
also demonstrated an association of AGE with a favorable
improvement in oxidative biomarkers, vascular function and
the reduced progression of atherosclerosis measured by CAC
progression. Steiner et al (23) revealed that AGE exerted
a beneficial effect on lipid profiles and blood pressure. The
authors have previously demonstrated an association between
AGE and improved microcirculation, a decrease in blood pres-
sure and a positive effect on inflammatory biomarkers (24-26).

A method for predicting the outcome of various drugs and
medical treatments is known as data mining. It is performed
by analyzing large blocks of information and trying to find
patterns, similarities or trends. Translating a large set of data
to a trend or a new-found pattern can make the data easier to
interpret and lead to new and useful information. The method
is based on combining visualization of diagrams and different
algorithms to finding patterns or trends. There are two starting
positions, either driven by subject-specific information and
hypotheses using data mining to confirm the theory or using
data mining to generate data-driven hypotheses. These two
approaches should be combined to avoid flawed conclusions.
Probably the most well-known approach is the cross-industry
standard process for data mining (CRISP-DM) (27-29). Using
this method and approach, the authors previously developed an
algorithm for predicting which patient will have a more favor-
able effect on CAC scores and blood pressure following the
intake of AGE capsules (25). The AGE algorithm was devel-
oped using a European cohort. The aim of the present study
was to validate the method of constructing an algorithm for
prediction of which patient will have a more favorable effect
of AGE on CAC and systolic blood pressure (SBP) using data
accumulated in the USA.

Materials and methods

Study outcome. The primary objective was to validate a
method for developing a predictive model with the aim of
identifying patients who would have a more favorable effect of
AGE on CAC and SBP after 12 months of AGE intake.

Study population. The data of the patients in the present
study were collected from five previously published studies.
Of these studies, one study was completed in Sweden on a
European cohort (25) and four studies were completed in the
USA (20,30-32). All patients in these studies had an increased
risk of developing CVD. The Swedish cohort was used solely
for the initial model development in the previous study by
the authors (25) and was not included in the model training,
testing, or analysis in the present validation study. The present
study exclusively applied the developed method to an indepen-
dent US patient cohort to assess external model performance
(n=78). In the studies examined, all patients were sent for a
cardiac computed tomography (CT) for the definition of the
CAC score, blood pressure was measured, and blood samples
were collected and analyzed using standard techniques in
the beginning of the study, at O months and after 12 months.
All patients were administered AGE (Kyolic; Wakunaga of
America Co. Ltd.) daily for the duration of 12 months. Upon
receiving the data from the studies in the USA, the inclusion
and exclusion criteria from the Swedish study were applied;

hence, patients with a CAC score >1,000, CAC score <1
and a body mass index (BMI) >40 in the USA cohort were
excluded. Further details and baseline values of the cohorts
are presented in Table I. More detailed information about
the study populations is available in the previously published
studies (20,25,30-32).

Development of the AGE algorithm. The AGE algo-
rithm developed in the Swedish study was created using
CRISP-DM (25,28). The target variables, i.e., the progression
of CAC and SBP, were created using the measured progres-
sion of CAC and SBP following 12 months of treatment with
AGE. Information of the distribution of the progression of
CAC and SBP is presented in Figs. 1 and 2. The formula used
for measuring the progression for each target variable was the
following:

B-F)

1
B x100

% — Progression, s month =

where ‘B’ represents the baseline measure at the start of the
study and ‘F’ represents the follow-up measure after 12 months
of AGE supplementation. To validate the developed method of
engineering an algorithm, new data were acquired from the
USA. The patients in the USA cohort were divided into two
groups by the median, depending on the amount of progres-
sion of the target variables. Patients with a CAC progression
larger than the median were assigned the value O and patients
with a CAC progression below the median were assigned the
value 1. Patients with a decrease in SBP larger than the median
were assigned the value 1 and the remainder were assigned the
value 0. As a result, 50% of the patients who benefited most
from AGE supplement treatment were assigned the value 1 and
the remainder were assigned the value 0.

Preprocessing and predictor variables. The following
parameters functioned as predictor variables in the modeling
phase: Sex, age, BMI, CAC, cholesterol, SBP, diastolic blood
pressure (DBP), high-density lipoprotein (HDL), low-density
lipoprotein (LDL), homocysteine, interleukin-6 (IL-6),
triglycerides and C-reactive protein (CRP). The categorical
variable ‘sex’ was encoded, converting each sex category
to 1=male and O=female. All parameters were measured
at baseline, i.e., at 0 months. In the USA cohort there are
missing values of CRP (n=38), II-6 (n=41) and homocys-
teine (n=19). These were completed with the mean value
of the remainder of the cohort for each of the variables.
In the machine-learning algorithm, variables function as
features and were measured ones, i.e. blood samples, clinical
measurements, such as blood pressure, as well as generated
ones from the previously mentioned studies (20,25,30-32).
This was achieved by the addition of polynomial features of
the second-degree and interaction features to capture both
non-linear effects and interactions. Interactions are variables
that are multiplied with other variables and second-degree
polynomials are squared variables. At the end of the prepro-
cessing step the new set of predictor variables, a total of 105,
including the added features, were standardized. This feature
scaling was performed for the modeling phase in order for
the regularization, loss of function, in the logistic regression
to function correctly.
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Table I. Baseline data of all the patients included in the study.

Sweden (n=46) USA (n=78)

Parameter Mean SD Mean SD P-value
Age (years) 64.4 6.4 59.9 8.7 <0.05
BMI 27.6 37 279 40 0.653
CAC 207.3 237.7 194.7 213.8 0.761
CRP (mg/1)* 22 3.6 10 14 <0.05
Triglycerides (mmol/l) 14 0.7 1.3 0.7 0.758
Cholesterol (mmol/l) 52 1.3 4.6 1.2 <0.05
HDL (mmol/l) 1.6 0.5 1.3 04 <0.05
LDL (mmol/l) 34 1.1 2.7 1.0 <0.05
11-6 (ng/1)* 45 37 20 1.6 <0.05
Homocysteine (zmol/1)* 134 3.8 10.7 24 <0.05
DBP 88 9 82 10 <0.05
SBP 148 19 135 15 <0.05

“In the USA cohort there are missing values of CRP (n=38), IL-6 (n=41) and homocysteine (n=19). Baseline (0 months) data in absolute values
of all patients included in the study from the USA cohort compared with the baseline data of all patients from the Swedish cohort. All data are
presented as the mean + SD. SD, standard deviation; CAC, coronary artery calcification; CRP, C reactive protein; HDL, high-density lipopro-
tein; LDL, low-density lipoprotein; IL-6, interleukin-6; BMI, body mass index; DBP, diastolic blood pressure; SPB, systolic blood pressure.
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Figure 1. Graph depicting the distribution of CAC. Distribution of the percentage change, baseline vs. end of study, in the target variable CAC. CAC, coronary
artery calcification.

Modeling: Feature selection and parameter tuning. Following  feature selection step was performed. The selected feature
the preprocessing step, the initial predictor model set consisted ~ selection function was recursive feature elimination (RFE).
of an algorithm with blanks for the variables. In order to both ~ This searches for a subset of features by starting with all
optimize for the model accuracy and to reduce overfitting, a  features in the training set and removing features until the
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Table II. Included features of the CAC model.

Table III. Included features SBP model.

Coefficients Predictor variables after RFE for CAC  Coefficients Predictor variables from RFE for SBP
3.08 LDL -1.98 Sex x DBP

1.69 Ses x cholesterol 2.08 Sex x HDL

-2.05 Sex x SBP -1.69 Age x IL-6

-1.17 Age x TG 1.55 Age x CRP

-0.95 BMI x LDL 141 CACXIL-6

-1.31 CAC2 -1.77 CAC x CRP

1.73 CAC x homocysteine 1.29 DBP2

-3.83 Cholesterol x LDL -3.30 HDL x SBP

2.75 Cholesterol x TG 6.93 HDL x CRP

1.93 IL-6 x SBP 1.44 Homocysteine x IL-6
-2.09 IL-6 x TG 241 LDL x CRP

0.12 LDL2 -10.25 CRP2

The hyperparameters after CAC model tuning were as follows:
C-value = 25; penalty = L2-regularization; solver = Newton-Cg. The
table lists the selected features after RFE for the target variable CAC
progression and the mean of the coefficients from the LOOCV. RFE
searches for a subset of features by starting with all features in the
training set and removing features until the desired number remains.
LDL, low-density lipoprotein; SBP, systolic blood pressure; TG,
triglycerides; BMI, body mass index; CAC, coronary artery calcifica-
tion; IL-6, interleukin-6; RFE, recursive feature elimination.

desired number remains. RFE functions as a ‘wrapper’ by
fitting the given machine-learning algorithm used in the core
of the model, in this case, logistic regression, ranking features
by importance, discarding the least important features and
re-fitting the model. The process is repeated until a specified
number of features remains. Following the feature selection
step, a grid search is performed to optimize for the tuning of
the developed model by searching over a set of hyperparameter
settings. The results from the feature selection and grid search
step are presented in Table II for CAC and in Table III for SBP.

Validation of the prediction model. Leave-one-out cross
validation (LOOCYV), was selected as the validation approach.
It provides an estimate as to how the algorithm will perform
on unseen data. LOOCYV is performed by training and testing
the algorithm on the N-1 patient, N representing the total
number of patients in the cohort, and a prediction is made for
the excluded patient using the parameters of that patient. This
process is repeated until all observations have been tested (a
visualization of the method is presented in Table IV). When
the prediction model was tested on all 78 patients, a mean key
performance indicator score from all tests was obtained.

Statistical analyses. The models were created in Python
3.9.0 (Van Rossum, G. & Drake, F.L., 2009. Python 3
Reference Manual, Scotts Valley, CA: CreateSpace) utilizing
the following listed libraries: scikit-learn (version 0.23.2)
(https://pypi.org/project/scikit-learn/0.23.2/), Pandas (1.1.3)
(https://pypi.org/project/pandas/1.1.3/) and NumPy (1.19.2)
(https://pypi.org/project/numpy/1.19.2/). All continuous data
are presented as the mean + SD. The Student's t-test was used

The hyperparameters after SBP-model tuning were as follows:
C-value = 100; penalty = L1-regularization; solver = liblinear. The
table lists the selected features after RFE for the target variable
decrease of SBP and the mean of the coefficients from the LOOCV.
RFE searches for a subset of features by starting with all features
in the training set and removing features until the desired number
remains. The selected features differ from the CAC progression
model. DBP, diastolic blood pressure; HDL, high density lipoprotein;
CRP, C reactive protein; CAC, coronary artery calcification; LDL,
low-density lipoprotein; IL-6, interleukin-6; RFE, recursive feature
elimination.

to assess differences between groups. A value of P<0.05 was
considered to indicate a statistically significant difference.

Results

In a previously published article by the authors, we developed
the AGE algorithm on 46 patients in the Swedish cohort.
To validate the method of developing the AGE algorithm
in the present study, data from four studies were retrieved,
performed in the USA, termed the USA cohort. The USA
cohort consisted of a total of 78 patients who received AGE
who were included in the present study. Following the afore-
mentioned developmental steps of the prediction model,
the model was validated using LOOCV. For each of the 78
subjects in the dataset, the authors computed the estimated
probability of the i:th subject being in the 50th percentile with
the optimal progression following 12 months of AGE supple-
ment treatment. i:th represents the subject who is being tested
on among the N observations. The following mean modeling
key performance indicators were provided by the LOOCV:
CAC: Accuracy, 65%; precision, 64%; recall, 69%; and SBP:
Accuracy, 65%; precision, 66%; recall, 64% (Table V). In
total, 12 features were selected to be in the model for sufficient
accuracy, but to reduce overfitting. For CAC, the 12 features
were the following: LDL, sex x cholesterol, sex x SBP, age x
triglycerides (TG), BMI x LDL, CAC2, CAC x homocysteine,
cholesterol x LDL, cholesterol x TG, I1-6 x SBP, IL-6 x SBP,
IL-6 x TG and LDL2. An overview and each feature of the
associated coefficient are provided in Table II. For SBP the
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Table IV. Validation.
Patient 1 Patient 2 Patient 3 Patient 77 Patient 78

Model 1 Train Train Train Train Test
Model 2 Train Train Train Test Train
Model 3 Train Train Train Train Train
Model 77 Train Test Train Train Train
Model 78 Test Train Train Train Train

Visualization of the validation method for LOOCYV. Using multivariable methods, logistic regression, two predictive models were developed
and validated using LOOCYV, one for coronary artery calcification progression and one for systolic blood pressure. Each model was trained
and tested 78 times, resulting in all patients belonging to the training sample 77 times and the test sample once. LOOCYV, leave-one-out cross
validation.
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Figure 2. Graph depicting the distribution of SBP. Distribution of the percentage change, baseline vs. end of study, in the target variable SBP. SBP, systolic

blood pressure.

12 features were the following: Sex x DBP, sex x HDL, age x
IL-6, age x CRP, CAC x IL-6, CAC x CRP,DBP2,HDL x SBP,
HDL x CRP, homocysteine x IL-6, LDL x CRP and CRP2.
An overview and each feature of the associated coefficient are
provided in Table III.

Discussion

The terms ‘personalized medicine’, ‘precision medicine’
and ‘stratified medicine’ are all used to describe the same
concept. The majority of articles, reports and researchers use
these terms interchangeably. The concept is to customize and
tailor medical treatments, drugs and recommendations to each

individual patient depending on the predicted response or
risk of disease. Personalized medicine often uses diagnostic
testing with molecular or cellular analysis to allocate patients
to groups. In one aspect of personalized medicine, pharma-
cogenomics or pharmacogenetics, the genetic information of
an individual is used to tailor medical treatments. Although
this may appear as a very modern approach, medical profes-
sionals have been making decisions such as these for decades.
It is well established that a number of diseases have a large
hereditary component and patients are questioned about this
for the purpose of determining whether they have a smaller
or larger risk of developing a certain disease or condition.
The medical professional then reaches a decision based on
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Table V. Performance metrics.

Algorithm Accuracy Precision Recall
(%) (%) (%)

CAC algorithm 65 64 69

SBP algorithm 65 66 64

Performance metrics for each model based on LOOCV indicating
how effectively the algorithm performs on CAC and SBP. LOOCV,
leave-one-out cross validation; CAC, coronary artery calcification;
SBP, systolic blood pressure.

this information, prescribing the recommended medicine as
‘one-size-fits-all’, meaning that the majority of patients are then
prescribed the same drug and dose. The decision behind this
is that the majority of studies are based on broad population
averages. However, not many patients fit into this description
and numerous drugs will not function in the same manner
for everyone. The majority of drugs are also prescribed along
the basis of ‘trial and error’. Treatment begins with the most
common and popular drug and then in the case that the patient
develops side-effects or does not respond in as expected, the
drug is changed to the second drug of choice on the list for that
condition. This often results in frustrated patients and tired
doctors. The notion behind personalized medicine is to avoid
this waste of time and money by selecting the right medicine
or recommendation to start with.

The present study used this notion to create an algorithm
that could be applied to patients who wish to know whether
AGE will have a positive effect on their health. As described
previously, patients with diverse lifestyles, certain genes
and diets respond differently to drugs and dietary supple-
ments (1-4,6-11). The authors have previously studied patients
who are at an intermediate-to-high risk of developing cardio-
vascular events and created an algorithm, the AGE algorithm,
to predict the effects of AGE on CAC progression and blood
pressure of an individual (25). The algorithm is based on the
CAC score, blood lipids and blood pressure and could predict,
with 80% precision, which patient will have a significantly
reduced CAC progression after 12 months of AGE supple-
ment (25). The same type of algorithm, the one developed in
the present study, could predict with a 64% precision score,
which patients will have a significantly reduced CAC progres-
sion after 12 months of AGE supplementation. The algorithm
could predict with a 66% precision score which patients will
have a significant reduction in blood pressure after 12 months
of AGE supplementation. Unlike existing cardiovascular risk
calculators, such as the Framingham Risk Score (https://
www.mdcalc.com/calc/38/framingham-risk-score-hard-coro-
nary-heart-disease) orthe ASCVDRisk Estimator (https:/www.
mdcalc.com/calc/3398/ascvd-atherosclerotic-cardiovascular-
disease-2013-risk-calculator-aha-acc), which predict the
likelihood of future cardiovascular events based on broad
population data, the model used herein is specifically designed
to predict individual patient response to a defined interven-
tion, AGE supplementation. While previous studies have
demonstrated average cohort-level effects of AGE, to the best

of our knowledge, no previous study to date has developed
or validated a personalized prediction tool estimating indi-
vidual treatment responses (33,34). By applying data science
methodologies incorporating interaction terms and non-linear
relationships, this model represents a novel, practical step
toward personalized, supplement-based cardiovascular
prevention. The algorithm demonstrated a precision of 64%
for CAC and 66% for SBP, which is notable given the modest
sample size. To the best of our knowledge, this is the first
externally validated prediction tool tailored to identify which
patients are most likely to benefit from AGE, providing a novel
contribution to precision prevention strategies in cardiovas-
cular care. It is clear there is a potential in predicting which
patients would benefit the most from AGE supplement treat-
ment using a limited sample (25). Therefore, further validation
of the method of developing the algorithm on another cohort
is required to broaden the concept of using it in day-to-day
medical consultations with patients interested in dietary
supplements.

When developing the model, a combination of variables
and engineered features was made available for the model to
use. A balance between model complexity and performance
was sought to maintain the number of features to a minimum,
to avoid overfitting and increase model stability. Initially, a
model with 10% of the available features was tested, i.e., 10
out of 105 features in total. The model was performing well;
however, a model with an additional two features was tested,
which was found to outperform the model with 10 features.
As a result, a model with 12 features was selected as the final
model. Logistic regression was selected for its interpretability
and suitability for binary outcomes in clinical applications.
While other machine learning methods could be used, logistic
regression provided a practical balance of transparency and
predictive performance, particularly in a limited sample size.

Overall, the models generalized well on the test data.
When selecting the validation method, 10-fold cross valida-
tion was explored; however, it was deemed to be too sensitive
to the random sampling effect when creating the folds. It is
important to realize that in a 10-fold cross validation, 10% of
the sample is used as test, while only having 78 patients, the
test fold consists of only 8 patients. With a limited sample size,
the probability of a test set being skewed is high. LOOCV is
a reliable method that produces an unbiased estimate of the
performance of a model, and it is recommended that it is used
in situations where data are limited. Although LOOCYV is
computationally expensive, the limited number of observa-
tions render the computational cost negligible. Therefore, with
limited data, the random sampling effects using 10-fold cross
validation, limiting bias and enabling testing on unseen data
renders it the optimal validation method to use.

As aforementioned, the prediction model performs better
on unseen data, i.e., the more data it is used on. Generally, the
effect from the amount of study data available can be broken
down into two parts. First, the negative random effect on the
partitioning of data into training sets and test sets diminishes
the more data is available, i.e., the representativity of both
the training and test set increases. Second, more data allow
for the addition of more categorical predictor features to
the modeling phase. Increased clinical information, such as
lifestyle, certain genes and dietary intake in categorical form
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would increase the performance of the model. This is due to
the fact that a model is built on a sample with a higher vari-
ance, i.e., a larger sample, which results in a model with an
intrinsic ability to generalize more effectively on unseen data.
Overall, the present study indicates the feasibility of devel-
oping predictive models classifying patients into who would
have the best results from the AGE supplement or not. This
predictive modeling framework could also be applied to other
areas of biomedical research. Recent advances in Al-driven
treatment prediction, organ-on-a-chip platforms for drug
screening, engineered cardiac organoids for cardiovascular
disease modeling and artificial vascular graft technologies
illustrate the expanding opportunities for integrating predic-
tive models into precision medicine and translational
cardiovascular research (35-38).

It is important to note that baseline differences between
the Swedish and USA cohorts, particularly in age, LDL and
SBP, could influence model performance across popula-
tions. Although the model incorporated interaction terms and
non-linear features to account for these variations, further
validation in larger, more diverse cohorts will be necessary
to confirm broader applicability. The observed decline in
model performance when applied to the USA cohort is likely
explained by differences in baseline variable distributions,
particularly in age, LDL, SBP and CAC scores, which can alter
predictor-outcome relationships. Additionally, as feature selec-
tion was based on the Swedish cohort, the relative importance
of certain variables and interactions may have differed in the
USA population, contributing to reduced accuracy and preci-
sion. These findings highlight the importance of accounting
for population-specific variability in model transportability
and support the need for broader validation in diverse clinical
populations.

The requirements of gathering data to assess who would
benefit the most from AGE supplement treatment are not high:
ordinary blood tests and a CT scan can be utilized to gather
the necessary variables. However, further studies, tests and
modeling are necessary before a model can be used to assess
which patient will have a favorable effect of AGE supplement
treatment or not.

The present study had certain limitations which should
be mentioned. The data in the present study were acquired
from four studies performed previously. Given the variation
in collected variables and the limited number of patients,
these could potentially affect the scores. Furthermore, the
relatively small sample size, with 46 patients in the initial
model and 78 in the validation cohort, may limit the power
of the model and increase the risk of overfitting despite
the use of recursive feature elimination and leave-one-out
cross-validation. Thus, larger, prospective studies are
warranted to further validate and improve the predic-
tive accuracy and generalizability of the model. A larger
study cohort would probably reduce the random effect of
within-group variation. CAC progression was defined as the
absolute change in CAC. A potential site variation in regard
to different brands of the CT scan itself and the analyzing
software might also inflict some variations. The interpreting
radiologist differed, which could be observed as a variance
of weakness, but also a strength. The serum level of SAC was
not measured to ensure patient compliance in the studies. All
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patients were advised not to change their lifestyle and diet
apart from taking the AGE capsules; however, studies have
indicated that patients enrolled in studies are more likely to
adopt lifestyle changes (39,40). The lifestyle changes were
not assessed formally to evaluate the effect on the endpoint.
A randomized trial of diet and lifestyle would be needed to
better assess these potential interventions.

In conclusion, the present study demonstrates that it is
possible and realistic to develop predictive models, classifying
patients into who would have the optimal results from AGE
supplement treatment or not. The algorithm was able to predict
with 64% precision which patient would have a significant
reduction of CAC progression using the AGE supplement.
With the same type of model, we could also predict with
66% precision which patient would have a significant blood
pressure-lowering effect using the AGE supplement.
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