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Are there any study about
machine learning to predict
outcome in longitudinal study?

Does mixed effect machine
learning model is the best choice
for predicting longitudinal
outcome?
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About this article

* Introduction of machine learning and its application for
intelligent and improved systems for diabetes management

* Modeling options and strategies of machine learning and a
hybrid system focusing on the prediction of BG dynamics in
type 1 diabetes

e Literature review (Final: 55 articles)

* review is mainly on BG prediction techniques

* classes of machine learning algorithms, artificial neural
networks, support vector machines, Bayesian neural
networks, decision trees, and others

* reinforcement learning is not under the scope of this
review
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Fig. 2. An ideal blood glucose predictor (Reprinted from [15]). °
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Blood Glucose Prediction

Physiology Based Approach Data Driven Approach Hybrid Approach

1

Lumped (or semi-cmpirical)
Model

Time Series Model Machine Learning Model Hybrid Model

Comprehensive Model

Fig. 3. Taxonomy of blood glucose prediction approaches.




Summary of existing efforts R
(Machine learning techniques)

* Artificial neural network (ANN)

e Support vector machines (SVM), kernel function
(KF), and gaussian process regression

e Genetic programming and genetic algorithms
* Random Forest (RF)
* Hybrid approach

* Ensemble approach — merging different
predictors for performance improvement



Fig. 7. Classes of machine learning techniques used in the modeling of blood glucose prv:{dictin:nn (For interpretation of the references to colour in this figure, the
reader is referred to the web version of this article).

Classes of machine learning




Model Performance evaluations

Performance metrics are
necessary steps that should be
carefully chosen based on the

developed model under

consideration
Various performance metrics are used to assess
the predictive power of the developed model

e mathematical evaluation criteria (empirical
accuracy)

e clinical evaluation criteria (clinical accuracy)

Prediction horizon (PH) is the lead
time in which the model is able to
forecast BG levels in the future.
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* The predictive performance of a
BG predictor is affected by many
technical factors and design
choices, apart from the factors
that affect BG dynamics, such as
the type of machine learning,
data size, prediction horizon (PH)

A com Pd rative and validation approaches
assessment Of considered, and others
S * The most popular performance
pred Iction metrics, RMSE, to compare the
perf() rMances reported performance levels by

different researchers
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Validation strategies

* complementary issues
e Overfitting
* Under training
* Enough data size in the three datasets (training, testing, and validation sets)
* Proportion of splitting
* The most popular: k-fold cross-validation

» K-fold cross-validation strategy involves splitting the datasets into
randomly partitioned k equal subsets and using one set as a validation
sets and the rest for training, repeating the same process for all the

different subsets

* Hold-out involves portioning the datasets into non-overlapping subsets,
where the first subset is entirely used for training and the rest for
testing
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Findings from
this articles




Most researchers have consig&red
separate age groups, which are
typically related with the dynamics and
active lifestyles adopted by each group

Clinical |
, o Most of the reported algorithms
SIEN ificance perform better in either of these BG
£ : regions (hypo/eu/hyperglycemia
of model in events)
guestion?

Most of model lack of a well-defined
variables can severely affect the
predictive performance.
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Answer the guestion from

the topic

Does mixed effect
machine learning
model is the best
choice for predicting
longitudinal outcome?

Are there any study
about machine
learning to predict
outcome in
longitudinal study?
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