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ABSTRACT: Heart disease and diabetes are brought on by high blood sugar levels and can damage the blood vessels and
nerves that control the heart. Early treatment can drastically improve outcomes for both heart disease and diabetes patients. This
study aimed to determine whether symbolic metamodeling could be used to predict heart disease and diabetes early. The symbolic
metamodel developed by Alaa and van der Schaar was evaluated on two datasets consisting of predictive factors for diabetes
and heart disease, respectively, and a patient’s ranking within those factors. The metamodel was fitted to both a standard logistic
regression model and a more complex XGBoost model. The metamodel produced predictive scores between 0.7 and 0.8, indicating
the potential for usage as a predictive device. The results from this study do demonstrate a need for increased research into using
symbolic metamodeling as a methodology for disease prediction. Increased research could improve the breadth of diseases that

could benefit from predictive metamodeling.
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B Introduction

Computer Science, by nature, is an interdisciplinary field
with applications across numerous domains. This evolving field
is not only responsible for immense advancements in technol-
ogy but also in non-computing fields such as medicine, law,
and the arts. These advancements have furthered society be-
yond what was possible and created a positive, lasting impact.
Yet, we don't always know how these advancements work, so
they are labeled as “black-boxes.” A black-box is a system in
which we know the input and the output, but we are unable
to map the process of how we obtain the said output. While
black-box models are beneficial in checking code and proving
calculations, getting a greater understanding of the black-box
model can help domain experts better understand their specific
non-computing fields."

We demystify these black-box models using the process of
symbolic metamodeling. A symbolic metamodel represents a
black-box model using mathematical functions. Neuro-sym-
bolic artificial intelligence focuses on bringing together the
neural and symbolic traditions within AI?> Using neuro-sym-
bolic artificial intelligence to gain a better understanding of
our black-box models allows us to capture both domain and
semantic knowledge leading to a more transparent and analyt-
ical representation of our black-box model."

The Symbolic Metamodel:

Metamodeling techniques have been established across
various domains, from statistics to engineering, as surrogates
for expensive simulations.” These models can describe other
models as an instance and make it possible to assign proper-
ties to classes within the model itself.* In a symbolic system,
the output is explicit and understood by a human.? A sym-
bolic metamodel framework can be used to express black-box
models in terms of mathematical equations that can be inter-

preted easily by experts in both computing and non-computing
fields. The symbolic metamodel aims to expand interpreta-
tion beyond just one mode determining whether the model
is nonlinear or whether it has statistical interactions between
features. A symbolic metamodel can be defined as a model that
approximates f(x) - our black box function - for all x in X.1
Symbolic metamodels can be used to predict the prognosis of
various ailments including breast cancer and COVID-19 using
synthetic experiments.5 These experiments use a synthetically
generated model to compare predicted and proven outcomes.®

Heart Disease:

In 1933, heart disease was identified as one of the leading
causes of death in the United States, affecting all genders, rac-
es, and ethnicities.”® The death rate due to heart disease has
steadily increased from 21% to 39% from 1933 to 1960.” Al-
though new cardiovascular treatments have shown a decrease
in mortality due to this disease, in recent decades, mortality
overall has stopped decreasing, and mortality rates have con-
tinued to increase.”'® An accurate heart disease risk prediction
could avoid potential life threats, while an incorrect prediction
could prove fatal. Many factors contribute to a diagnosis of
heart disease: irregular heartbeat, weight gain, and sleep is-
sues. This makes it challenging to identify whether increases
in these specific metrics lead to a diagnosis of heart disease or
a condition with similar biomarkers.™

Diabetes:

Diabetes is cited as one of many causes of heart disease -
both diseases having origins tied to high blood glucose and
increased weight gain.” Diabetes, similar to heart disease, is
a significant cause of mortality and morbidity in the United
States. In recent decades, there has been an increase in the
prevalence of diabetes from 4.9% in 1990 to 6.5% in 1998."

Outcomes of diabetes include damage to small and large blood
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vessels, kidney damage, and problems with various nerves."
There is a need to utilize multiple indicators of diabetes to
confirm the diagnosis. Predicting diabetes early on offers the
chance to start potentially life-saving treatment. Diagnosis of
diabetes is considered a challenging problem in quantitative
research because parameters like Alc, fructosamine, white
blood cell count, fibrinogen, and hematological indices were
ineffective due to some limitations." In this paper, we focus
our efforts on heart disease and diabetes disease processes.

Related Work in Heart Disease &5 Diabetes Prediction:

Current machine learning models in diabetes prediction use
data mining techniques to showcase various significant attri-
butes and the relationship between these attributes. Alam and
Igbal found that an artificial neural network (ANN)-based
technique provided the best accuracy of 75.7% through RF
(random forest) and K-means clustering techniques.'* These
experiments show the use of an ANN in disease prediction,
which is a key stepping stone in symbolic metamodel predic-
tion for the same disease processes. Delen ez al’s work in the
use of logistic regression in predicting breast cancer can be
further extended to diabetes and heart disease prediction as
well.’ Pattekari and Parveen developed an intelligent system
using data mining techniques to predict myocardial infarc-
tion.'® Palaniappan ez a/. combined decision trees, an artificial
neural network, and Naive Bayes to predict heart disease.'”

Transparency in predicting many disease processes, including
heart disease and diabetes, is essential; symbolic metamod-
eling can provide this transparency in new ways that other
machine-learning models cannot. The symbolic metamodel
can produce predictive scores and symbolic equations that cli-
nicians can use and understand. This transparency allows for
increased trust in the metamodel and a deeper understanding/
insight into the contributing factors of a patient’s risk. Alaa
and van der Schaar created and used this symbolic metamodel
to predict breast cancer prognosis." Extending their work to
heart disease and diabetes, the same fundamental principles of
transparency and trustworthiness prevail. The predictive scores
the model produces allow us to compare the model based on
both XGBoost and logistic regression.

B Methods

Metamodeling:

A metamodel can also be defined as a model made up of
models where the outputs from the submodels are combined
in a particular sequence to form a model of the entire sys-
tem."® Metamodeling is widely applicable when a model needs
to play more than one role. For example, a particular concept
could be portrayed as either a class or an individual idea. Meta-
models can be applied to any field that contains semantic data
that can be exchanged or stored. Semantics can formally be
defined as a tool to translate concepts into their domain lan-
guage. Semantics translate knowledge from formal techniques
such as mathematics to a natural language such as English.*

The model we are evaluating in our research is a symbol-
ic metamodel used to perform computations using Meijer-G
functions. Three datasets evaluate the model’s ability to explain
predictions regarding instance-wise feature importance with
an altered 9-dimensional feature space. The three datasets are

fitted with a 2-layer neural network to predict the labels based
on the dimensional feature spaces and then equipped with a
symbolic metamodel for the trained network using algorithms
that optimize symbolic metamodels via gradient descent. The
model predicts both an AUC-ROC score that can be used
to compare model accuracy with other predictive models not
using symbolic regression. Alaa and Van der Schaar tested the
model’s accuracy versus a predicted model on the prognosis of
breast cancer using this predictive score.

Data:

This experiment employed two data sets containing predic-
tive indicators for heart disease and diabetes.

The first dataset contains 253,680 survey responses derived
from a cleaned Behavioral Risk Factor Surveillance System
(BRESS) in 2015 to be used as a binary classification of heart
disease. The BRFSS is a health survey that looks at behavioral
factors, chronic health conditions, and the use of preventative
services. The dataset contains one binary target variable deter-
mining an instance of heart disease or heart attack and nine
feature variables that are either binary or ordinal. The feature
variables - high blood pressure, high cholesterol, cholesterol
check, body mass index, the incidence of smoking, prior stroke,
diabetes, and physical activity - have been previously identified
as indicators of heart disease.’

The second dataset contains data from 769 females over the
age of 21 of Pima Indian heritage. The dataset includes one
binary target variable determining the presence of a form of
diabetes and eight feature variables - number of times preg-
nant, plasma glucose concentration calculated by 2 hours in an
oral glucose tolerance test, diastolic blood pressure, triceps skin
fold thickness, body mass index, diabetes pedigree function,
age, and insulin level - all identified as indicators of diabetes.*®
For experimentation, the datasets were divided into training
and testing groups with a ratio of 1:2.!

Heart disease and Diabetes Prediction:

In the process of computing the predictive scores, we had to
assign each predictive indicator a feature name that the mod-
el could understand. The original symbolic metamodel had a
10-dimensional feature space, while our metamodel had to be
altered to accommodate a 9-dimensional feature space. Once
the feature names had been imputed, the model classifier was
determined. In our experimental setup, we wanted to test the
model’s ability to imitate the standard logistic regression mod-
el as well as the XGBoost model. The next parameter to alter
was the maximum number of iterations used to train the mod-
el. The original metamodel had settled on ten iterations, so
we decided to test from 0 to 15 iterations in our experiment.!
Through these iterations, we decided to leave the learning rate
as a constant to evaluate better how the iterations affected the
model’s performance.

B Results and Discussion

Three types of data - in the form of roc auc scores - were
collected from the symbolic metamodel for both heart disease
and diabetes. The first set of data collected was the perfor-
mance of the fitted XGBoost model. The second set of data
collected was the standard logistic regression. The third data
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set was the metamodel’s evaluation for both the XGBoost
model and the standard regression model.

The roc auc (roc — receiver operating characteristic, auc —
area under the curve) scores provide a uniform metric to eval-
uate each type of prediction method within each set of data
which helps us gauge the accuracy of each type of prediction
(Tables 1,2,3). These scores can be evaluated against each other
to see how effectively a particular model performs compared to
another model. We consider roc auc scores between 0.9-1.0 to
be excellent, 0.8-0.9 to be good, 0.7-0.8 to be fair, and 0.6-0.7
to be poor. Any score below 0.5 would be considered a failed
score.”!

Figure 1 shows these predictive scores when ten iterations
were used for all tested models. The symbolic metamodel was
fitted to the initial fitted XGBoost model and standard logistic
regression model with a learning rate of 0.01 to see how close
the roc auc scores were. The highest roc auc score was for the
fitted XGBoost model, while the standard logistic regression
was about 0.02 lower. We hypothesize that the lower predictive
score could be due to the lower complexity of the model. With
a more complex model, such as XGBoost, we could see higher
roc auc values than the standard logistic regression. Yet, there is
no concrete result when we compare the symbolic metamodel
fitted to the XGBoost and the standard logistic regression. For
the heart disease data, the metamodel performs better when
fitted to the logistic regression, and for diabetes, the meta-
model performs better when fitted to the XGBoost model.
To analyze these results further, we tested various iterations of
each fitted model.

Table 1: Summary of the predictive roc auc values obtained from running
our different metamodels against the heart disease and diabetes datasets.

heart disease diabetes

fitted XGBoost model

0.781520779233839

0.8103543743078627

standard logistic regression

0.7790508318619848

0.7965808416389812

symbolic metamodel (based on
xgboost) for 10 iterations

0.7334147622645342

0.7787236987818383

symbolic metamodel (based on

logistic regression) for 10
iterations

0.735112941221171

0.7661960132890365

Table 2: The predictive roc auc values obtained from running our XGBoost

trained metamodels against the heart disease and diabetes datasets.

heart disease diabetes

symbolic metamodel for 0 0.7349389204996443 0.7802464008859357
iterations

symbolic metamodel for 1 0.7349550555174734 0.7794158361018827
iteration

symbolic metamodel for 2 0.7349817466104752 0.7771317829457 364
iterations

symbolic metamodel for 3 0.7349920099131467 0.7758859357696 566
iterations

symbolic metamodel for 4 0.7349671893111233 0.7778239202657 806
iterations

symbolic metamodel for 5 0.7349988900669 188 0.7793466223698782
iterations

symbolic metamodel for 7 0.7350388860435739 0.7787236987818383
iterations

symbolic metamodel for 10 0.735112941221171 0.7771317829457 365
iterations

symbolic metamodel for 12 0.735182686 1369488 0.7772702104097 452
iterations

symbolic metamodel for 13 0.7351986259731107 0.7783776301218162
iterations

symbolic metamodel for 15 0.7351927217276752 0.7779623477297896
iterations

symbolic metamodel for 50 0.7298715389140197 0.7776854928017719
iterations

The results from testing these various iterations, as shown in
Figure 2, show that for the iterations of 0, 1, 5, the model per-
forms better than the metamodel fitted to the standard logistic
regression model shown in Figure 1. We hypothesize that the
closer fit could be due to the number of iterations it takes the
metamodel to fit XGBoost for this particular dataset. Looking
at Figure 3, we can see that the metamodel for iterations 0,
1, 5 has a higher roc auc score when fitted to XGBoost than
when it is fitted to the standard logistic regression. This pattern
follows for both the heart disease and diabetes datasets. We
hypothesize that this could be due to the complexity of the
XGBoost model, which in turn makes the metamodel more
complex and accurate, but we would need to conduct more
tests on the nature of these results to confirm.

Table 3: The predictive roc auc values obtained from running our
metamodel trained on standard logistic regression against the heart disease
and diabetes datasets.

heart disease diabetes
logistic regression model for 0 0.7345276076661114 0.7682724252491694
iterations
logistic regression model for 1 0.7345149859182933 0.7685492801771873
iterations
logistic regression model for 2 0.7345077316663258 0.7685492801771873

iterations

logistic regression model for 3 0.7345168726744105 0.7681339977851607

iterations

logistic regression model for 4 0.734515246 1605164 0.7684800664451827

iterations

logistic regression model for five | 0.734551013201047
iterations

0.7678571428571428

logistic regression model for 7 0.734564627 1223404 0.7676495016611294

iterations

iterations

logistic regression model for 9 0.734640064 8367475 0.7673726467331118
iterations
logistic regression model for 10 | 0.7347149170061527 0.7661960132890365
iterations
logistic regression model for 12 0.734829228402628 0.7661267995570321
iterations
logistic regression model for 13 | 0.7347825799841461 0.7666112956810631
iterations
logistic regression model for 50 0.7349129938681728 0.76564 23034330011

To find how the number of iterations affects the auc roc
score that the metamodel produces, we tested values from 0
to 50 and plotted them on the graph in Figures 1 and 2. The
results from these experiments show that the heart disease and
diabetes datasets’ roc auc scores are the inverse of one another
for both standard logistic regression and the fitted XGBoost
model. Heart disease, for instance, is directly proportional to
the number of iterations increasing as the number of iterations
increases for both XGBoost and standard logistic regression.
However, diabetes shows the exact opposite: decreasing as
the number of iterations increases, possibly due to the specif-
ic metamodel used. These results show intricate details of the
metamodel in its attempt to predict prognosis for both heart
disease and diabetes but do not provide conclusive evidence.
While similar to the original metamodel’s ability to predict
breast cancer prognosis, the metamodel does reveal more than
the original XGBoost model; we cannot definitively say to
what extent the model accurately predicts heart disease and
diabetes. Through the analysis of the roc auc scores, there is
some evidence that indicates the model has the potential to
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predict heart disease and diabetes well. So, our model’s results
demonstrate fair roc auc scores.?*
Heart Disease

== standard logistic regression == XGBoost

0.736

0734

0732

ROC AUC score

0.730

0.728
o 10 20 30 40 a0

number of iterations
Figure 1: Heart Disease.

Diabetes
== standard logistic regression == XGBoost

0.785

0.780 \/\I

0.775

0.770

0.765

0.760
0 10 20 30 40 50

number of iterations

Figure 2: Diabetes.

Further research on this topic could utilize the same XG-
Boost model as well and improve upon the training of the
metamodel on this XGBoost model. Additional ideas for
research would be to see why the heart disease and diabetes
datasets behave so differently when the number of iterations
is changed. Other models outside of XGBoost can be evaluat-
ed to see if the metamodel will produce higher roc auc scores
which can then be translated to increased model accuracy.

B Conclusion

The ability to harness the power of metamodeling and
symbolic artificial intelligence to predict the prognosis of
cardiovascular conditions, including heart disease and diabe-
tes, can improve patient outcomes by making early treatment
possible. Using predictive scores, such as ROC AUC scores,
has made it possible to evaluate the metamodel’s performance
quantitatively.

We assigned the predictive factors from each dataset as fea-
ture names to our model. We then were able to set up models
for testing: a metamodel trained on standard logistic regression
and another trained on the XGBoost model.

The results from these experiments indicate the metamod-
el’s potential to be used as a predictive method for both heart
disease and diabetes. The range of predictive roc auc scores
fell between 0.7 and 0.8 for both heart disease and diabetes in
both the standard logistic regression model and the XGBoost
model, suggesting that the symbolic metamodel has room for
improvement in predicting both heart disease and diabetes.

Our experiments suggest a slight increase in roc auc scores
with the XGBoost model than with the standard logistic re-
gression model. Future research can be conducted to improve
the metamodel’s training on the XGBoost model with an em-
phasis on training the model specifically for heart disease and
diabetes. The future of disease prediction with artificial intel-
ligence can benefit greatly from using symbolic metamodeling
for various diseases.
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