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Predicting Hypoglycemia and Hyperglycemia in Type 1 Diabetes Patients with

an Improved Insulin Calculator

by Nehor GOLAN

Patients with type 1 diabetes (T1D) face enormous difficulties maintaining normo-
glycemia (balanced blood glucose). On the one hand hypoglycemia (lowered blood
glucose) is an immediate life threatening and may result in faint, seizures and death
[1], while on the other hand hyperglycemia (elevated blood glucose) may result in
the long term to blindness, kidney failure, heart attacks, strokes and lower limbs
amputation [2, 3].

An accurate prediction of the future blood glucose (BG) may provide an imme-
diate treatment that will prevent hypoglycemia and hyperglycemia, two life threat-
ening conditions.

Some patients carry a continuous glucose monitor (CGM) a device that monitor
the glucose level in the Interracial Fluid. The fluid that surrounds the cells of multi-
cellular animals. The advent of of sensors that can measure glucose in the interstitial
fluid has allowed companies to develop devices for continues glucose monitoring.

This thesis presents a novel machine learning system based on the patients CGM
measurement in the upcoming 30 minutes by using kernel ridge regression.

One of the main advantages of this system is that it only uses the sequence of
CGM measurement and no other value that needs to be inserted manually such as
food, exertion, etc. The prediction is more robust and less prone to human error.
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Chapter 1

Introduction

Hypoglycemia and hyperglycemia are associated with type 1 diabetes (T1DM). Hy-
poglycemia, in which blood glucose levels become unacceptably low (lower than 70
mg/dl), can lead to immediate life threatening conditions such as fainting, seizures,
coma and death if not treated promptly, and repeated episodes confer an increased
risk of future cardiovascular events [1]. Hypoglycemia may accrue due to an overly
high dosage of Insulin which is a keystone of diabetes treatment, or due to a lack
of carbohydrate consumption. Patients who recognize the early symptoms of hy-
poglycemia can take corrective action, but a significant number of patients become
hypoglycemia unaware, with little or no warning of the imminent danger. On the
other hand, hyperglycemia, in which the blood glucose levels become unacceptably
high (higher than 250 mg/dl), can lead to blindness, kidney failure, heart attacks,
stroke and lower limb amputation [2, 3]. Patients who recognize these symptoms
can consume Insulin and reduce the BG. Maintaining normoglycemia (balanced BG)
must be achieved and is achieved by adhering to a strict diet, Insulin consumption,
exercise and constantly monitoring BG and taking action as a function of the results.

The number of people with diabetes has risen from 108 million in 1980 to 422
million in 2014, and it is estimated that approximately 5%-10% of them suffer from
type 1. In 2015, an estimated 1.6 million deaths were directly caused by diabetes.
Another 2.2 million deaths were attributable to high blood glucose in 2012 [4]. Al-
most half of all deaths attributable to high blood glucose occur before the age of 70.
WHO projects that diabetes will be the seventh leading cause of death in 2030 [4].

In recent years the Continuous Glucose Monitor (CGM) have been marketed as
a supplement tool for diabetes patients [5]. The CGM measures the glucose level in
the interstitial fluid, every few minutes. The glucose level in the interstitial fluid is
related to BG, but is delayed by about 20 minutes and suffers from additional bio-
logical noise factors [6]. This device sends a warning signal when the measurements
indicate hypoglycemia or hyperglycemia, which helps patients take immediate ac-
tion. This is extremely important during the night, when their BG may fall suddenly
due to lack of management. The data stored by the CGM can also be used for later
analysis to fine tune treatment.

Continuous monitoring is a game changer, since in the past the data could only
be obtained by finger-pricking and manually checking the results. It opens the
door to new possibilities using data-inspired solutions for hypoglycemia and hy-
perglycemia prevention, future BG prediction and ultimately closed-loop systems
in which the defective pancreas will be replaced by an autonomous device that will
predict the future BG, and take the necessary steps by itself.

Currently available state-of-the-art technology is based on incorporating glycemic
information obtained by continuous glucose monitoring (CGM) that measures sub-
cutaneous interstitial fluid glucose levels with continuous subcutaneous insulin in-
fusion (CSII) using insulin pumps and rapidly acting insulin preparations. That use
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of this technology necessitates patient input to provide information such as meal
sizes and carbohydrate content, insulin bolus dosing, activity levels, etc [7].

Several statistical methodologies for predicting upcoming glucose values from
CGM data have been put forward over the last decade, including dynamic risk
measurement [8], stochastic models [9, 10], auto-regressive models [11, 12, 13], and
support-vector-regression models [14, 15]. The main disadvantage of these models is
that they are too simple, and fail to capture the dependencies of the different factors
that affect glucose levels and thus make highly inaccurate predictions. Moreover,
most of these models are designed to predict the risk of hypoglycemia and hyper-
glycemia, and not for predicting blood glucose levels. Existing CGM technology is
fraught with inaccuracies as a result of the different kinetics of glucose appearance
and clearance in the subcutaneous interstitial fluid when compared to blood [6].
Efforts to improve accuracy of CGM predictions have made use of elaborate math-
ematical algorithms. However, these works either use simulations [16], or patient
data with A1C of about 6.6% [17], a hemoglobin count that indicates the relative
balance of BG and therefore makes glycemic prediction easier.

It is important to distinguish between publications dealing with predicting hy-
poglycemic and hyperglycemic events and articles trying to predict the actual value
of the BG, since the former indicates that an event is likely to occur but does not
provide information on its severity, but by predicting the BG value patients are pro-
vided information on the severity of the event. For instance an alarm for 20 mg/dl
and 69 mg/dl would not be treated the same way.

1.1 Contribution

This thesis contributes to the enhancement CGM glycemic predictability. We devel-
oped a novel algorithm incorporating a patient-specific machine learning analysis
of individual glucose levels. The machine learning based algorithm had a higher
prediction accuracy of glucose values than actual measured glucose values reported
in published algorithms [13, 14, 15, 18, 19, 20, 21, 22], with respect to several error
measurements such as the root-mean-square error (RMSE) 3.5, the normalized-root-
mean-square error (NRMSE) 3.6, and the mean-absolute-value (MARD) 3.8. Our
algorithm assumes no prior knowledge of the patients.

In summary, in this thesis we propose a new method, based on data obtained
from one of the largest hospital in Israel, for estimating the blood glucose values.
Our method does not require additional manual data to be inserted by the patient,
this assumption makes our model much easier for the patient and prevents human
errors. Our model outperformed previous works in terms of RMSE 3.5, True-Positive
hypoglycemia detection and MARD 3.8 values.
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Chapter 2

Related Works

In the paper by Nimri et al [17] the performance of an "off-the-shelf" system was
discussed as a method for alarming lowering of BG during night sleep. This paper
cannot be compared to any other paper, as they only provide their care during the
night, when the patients do not exercises or consume insulin or food, which result
in a very balanced BG.

In the paper by Briegel et al. [10] a deep learning approach was introduced.
Their model uses BG measurements gathered using finger-pricking, which are more
accurate than CGM measurements but require manual measuring [6]. Moreover, an
additional manual data is required such as insulin and food consumption. They con-
sider their model to be "Grey box" by modeling a physiological model using Deep
Learning approach and predicting using Particle filter. The main problem in this
paper is the data, more specifically, measuring manually the BG is very difficult and
will result in inconsistent measurements, unlike the CGM which gather measure-
ments every 5 minutes without human intervention, moreover adding data such as
insulin consumption and food consumption is a very demanding task.

Mhakar et al [13] presented a Deep Learning approach to the task of classifying a
sample into three classes: hypoglycemia, hyperglycemia, and normoglycemia. The
network architecture was chosen to fit the problem using three clusters that will pre-
dict hypoglycemia, hyperglycemia, and normoglycemia, and then an output, judge,
layer that outputs the classification. Unlike most works that train a model for every
specific patient, their work trained on 30% of the patients and tested on the remain-
ing patients. There are two drawbacks to this work. There is no glucose value pre-
diction, and the algorithm is not patient-specific since one machine was trained on
30% the patients and tested on the remaining patients.

Marling et al. [23] put forward a model for the binary classification of hypo-
glycemia. The data only included measurements that could be obtained automati-
cally thorough sensors and a smart phone, such as CGM measurement, meals, sleep,
exercise and skin temperature. The features were composed of manipulations of the
above data such as the mean, the STD, max difference, etc, in addition to a 6 bi-
nary values where each value corresponded to a specific time interval of the day.
These values were set to 1 according to the time of day the sample was taken. This
method enabled the model to learn that some times of the day are more prone to
hypoglycemia; for instance, during the night when the patient does not eat. The
features were used with a linear kernel SVM.

M. P. Reymann et al. [15] suggester an SVR and an application to test the model’s
performance. The main problem that this paper faces, as is our case as well, is that
approaches that incorporate physiological models are not applicable. Thus, they
presented a model that only uses CGM measurements as features and do so as in the
form of "online software simulator program" with real time alarms and provision of
information. The strength of this model is that it does not require any additional
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data insertion besides real-time CGM measurements. The main problem is that the
data are simulated and not clinical. The measurement provided by the authors is
Mean Average Relative Difference (MARD 3.8, denoted by them as �(d)).

Gani et al. also proposed a regression model for predicting 30 minutes into the
future [11, 12]. The data was gathered via 3 different CGM devices, two of them from
type 1 diabetes patients and one from type 2 diabetes patients. The prediction was
made using an auto-regression model individually for each patient. Unfortunately
the data were smoothed, and some patients were excluded to achieve cleaner data.
The strengths lie in their use of three different sensors on a sample of more than
30 patients, some of the measurements at 1 minute intervals and their use of CGM
measurements alone. A very similar paper that also proposed auto-regression is
Paul et al. [21].

Li et al [24] proposed three models for regression analyses:

1. A time sequence of BG measurements

2. A linear regression with additional information such as sleep schedule, and
exercise that were collected automatically using a smart phone and manually
inserted information such as insulin doses

3. A pre-clustered personalized regression model in which every patient is clus-
tered, and every cluster has its own pre-computed model.

All the models were implemented as a smart phone application with real time pre-
dictions and alarms.

In the papers by Plis et al. [22, 14], a machine learning technique was pro-
posed for predicting the CGM measurement 30 minutes in advance. Thet describe a
method of assembling the feature vector using a specifically designed physiological
model, which was used as input for the following 3 ML techniques:

1. ARIMA (Autoregressive integrated moving average) with the physiological
features.

2. SVR with the physiological features.

3. SVR with the ARIMA as features.

The model that performed best was SVR with the ARIMA as the features. Perfor-
mance was evaluated by giving a small subset of samples by 3 physicians. The
results showed that the system outperformed two of the 3 physicians. A more tra-
ditional evaluation was conducted on a testing set measuring RMSE 3.5, False pos-
itive, True positive and the F1 score. These studies have a number of drawbacks.
The database was only made up of 5 patients with 40 measurements for each pa-
tient. These measurements were manually selected. Second, there were not enough
measurements to predict hypoglycemia; hence the data were manipulated to artifi-
cially increase the number of hypoglycemia measurements. Another disadvantage
of [22, 14] is that the system incorporated many additional manually inputted fac-
tors. Inserting carbohydrates, physical activity etc. is a very demanding task that is
almost impossible to do in everyday life. Most people are not capable of comput-
ing the exact amount of carbonates they consume, especially when eating outside.
However this article is the closest to our work and most relevant for compression,
considering the fact that they developed a regression model for future CGM in 30
minutes using SVR, and more importantly measured their performance using well
known measures. The more important measure that we take for the paper is that
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their best performing model score an RMSE value of 22.9, which in our work we
have improved.

In summary, a number of works discuss the problem of hypoglycemic event
prevention using either binary or multi-class classification and can not be directly
compared to our work [17, 10, 13, 23]. Other works discuss the problem of future
BG or CGM prediction [15, 11, 12, 24, 22, 14] and can be compared; in particular
the results reported by Pils et.al. [22, 14]. The models in this section use a are
using vast array of features, ranging from physiological models that require addi-
tional manually-inserted data, to more "traditional" raw data as feature vectors (with
manually-inserted data) for the time sequence of CGM measurements.





7

Chapter 3

Research Design and Methods

Eleven subjects over 18 years of age with T1DM, diagnosed according to the Amer-
ican Diabetes Association guidelines, treated with insulin and using a CGM device,
and who met all enrollment criteria were recruited for the study at random. Subjects
continued dosing insulin normally. Overall, 49351 measurements were collected
from all patients, for an average number of measurements per patient of about 4395.

Following clinical CGM data collection, data analysis was conducted in several
steps. The first step was gathering and incorporating sensor specific and diary data.
The next step was “cleaning” and validating the dataset; more specifically, in some
cases the sensor produced multiple entries in the same time window, whenever we
could distinguish the true measurements using the given plot we did so and re-
moved the irrelevant entries, but whenever we could not, we preferred to remove
the whole interval to maintain data consistency.

In the feature selection 3.1 the relevant features were selected, then appropriate
machine learning techniques were applied 3.2, and a number of measures were used
to evaluate performance 3.3.

3.1 Feature Selection

In most previous works, the feature selected needed to be gathered automatically
(CGM, skin temperature and sleep schedule) and manually (meals and Insulin con-
sumed, finger BG measurement). Even though these features are probably very
meaningful and contain much information, the process of manually measuring and
inserting them is prone to human error, which in time will cause noise and impede
model performance. Therefore we decided that the only feature that could be reli-
ably used is the CGM measurement.

Our features consisted of the time sequence of CGM measurement, in 5 minute
intervals (which is the interval between measurements given by the system). These
measurements were gathered automatically, which mean that they are very consis-
tent and could be relied upon. The number of measurements was chosen in the
process of cross validation specifically for each patient, and range from 5 to 15 mea-
surements (25 to 75 minutes).

3.2 Supervised Machine Learning

Machine Learning (ML) is a subfield of Computer Science that uses statistical tech-
niques in which a computer is implicitly programed to fit a function that will fit the
given data. A well programmed machine can handle huge amount of data and find
complex rules and relations between features in the data.
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A dataset consists of samples, where each sample is a tuple of features that rep-
resent the problem. The features play a very important role in prediction [25]. Noisy
data, a lack of meaningful features or a lack of relevant samples will significantly re-
duce the accuracy of a ML algorithm. A label, which is a number that the algorithm
should predict, is matched to every sample.

There are two main problems in supervised ML [26], classification, where the
label is a natural number that represents a specific class, and regression, where the
label is a rational number. An example of classification is deciding whether a fruit
is rotten or not, given features consisting of its firmness, color and size. This kind
of classification, where there are two classes is typically called Binary Classification
and usually determines whether a sample belongs to some class (“1”) or not (“0”).
An example of regression is predicting the monetary value of houses given the size
and the age of the house as features.

The act of learning consists of two stages: training and testing [27]. In the pro-
cess of training the algorithm is tasked to fit the best function that will give the least
(prediction) error on the data. This process may be done using a convex function
optimization termed Loss Minimization. This function measures the model’s per-
formance level. Due to the nature of convex functions, the model can be easily and
efficiently optimized using convex programming methods such as Gradient Descent.

In some cases, there are additional hyperparameters, namely, a set of parameters
that change the behavior of the algorithm and are not necessarily convex, such as
the regularization parameter or the network architecture. These parameters must be
searched in a more “brute force” way [27]. The training data are separated again,
into training and validation sets. The model is trained using each possible hyperpa-
rameter and the performance is measured on the validation set. The hyperparameter
which achieve the best result is then taken again to learn the final model.

When the training is complete, the model is tested on the testing set to estimate
the model error. This separation of the learning steps into training, validation and
testing sets is very important for preventing over-fitting, a phenomenon that occurs
when the model is trained to fit the data closely, but performs poorly in the real
world on new samples.

In SVM-type algorithms, optimization is typically done using Loss Minimiza-
tion. This means that the performance of the model is measured using some func-
tion; namely, the Loss (or Cost) function which by optimizing its parameters will
converge to the minima and in turn, will result in better performance of the decision
function. This optimization process obtained by the classical SVM-type machine is
bounded in its ability to separate the data according to decision function, becouse
this assumption may be unrealistic given the distribution of certain data sets. Thus,
in many cases the model was trained using the Kernel method [28]. Kernel meth-
ods, or the “Kernel trick”, is used to learn a more sophisticated non-linear model,
by mapping the features “on the fly” into a higher dimension in which the decision
function will have separation.

Kernel Ridge Regression (KRR) is a supervised kernalized ML regression method.
By taking the classic quadratic loss 3.1 and kernelizing it, the data are mapped into
a higher dimension, where there may be linear separation.

C(w) =
1

2

X

i

(yi � wTxi)
2 (3.1)

This method may achieve better results; however its major disadvantages are
that the learning and classification time are longer, there is constant need to save
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samples for the classification itself and the algorithm is more prone to over-fitting.
Thus it is highly advisable to use regularization.

Regularization is a technique applied to the loss function to reduce the likelihood
of overfitting [29]. The main idea is that by assembling a complicated model it may
overfit it;, thus the regularizer will penalize the loss in such a way that parameters
with high values are less attractive, which in turn will keep the model simple. There
are many regularization functions; two of the most common are applied by adding
the L1 3.2 or L2

2 3.3 norm of the weight vector to the loss function. These methods
are very common since because of convexity of the norm they can be easily added to
the optimization using gradient descent. A common practice is to add a coefficient
for the regularization term, which is denoted by either C or � (which is the inverse
if C). This coefficient is defined as the relative weight of the regularize and the loss,
such that by setting C to be a very small number the model will be more prone
to overfitting (as the regularization term is less noticeable) and by setting C to a
very larger number the regularizer may tread the loss and will result in an overly
simple model that does not fit the data at all. Naturally, by setting C to be 0 the
unregularized loss is achieved. In order to cope with this, good practice is to add
C to the parameters on which the cross validation is performed to find the optimal
weight for the regularization.

L1(w) =
nX

i=0

|wi| (3.2)

L2
2(w) =

nX

i=0

|wi|2 (3.3)

As stated above, a label is the number which the classifier should predict, and
is not explicitly given to the classifier. However this number should be implied by
meaningful data when applying some function. Finding this function is actually
the act of learning. In our case, the label, termed “Regular Label”, was first set
to be the CGM measurements in the upcoming 30 minutes. However, to achieve
better results, we developed a new representation of the label that resulted in better
optimization, which we dubbed "Special label" or "label mapping":

SpecialLabel[t] = CGM [t+ ft] +
ft

gt
(CGM [t]� CGM [t� gt]) (3.4)

The idea behind this mapping was to compare the last measurement with some
previous measurement to evaluate the change in blood glucose. The parameter gt is
n hyper-parameters that represents the size of the window on the past (thus, a few
options for this parameter were tested for each patient). The parameter ft is set to be
the time window which we want to predict, which in our case was set to 30 minutes.
This mapping was done on the full data set prior to learning, but it can also be done
in real time and in reverse order to review the predicted CGM value.

3.3 Performance Evaluation Methods

To appropriately evaluate a machine learning based algorithm, several measures of
errors have been proposed [21, 30]. The error of an observed value is the deviation of
the observed value from the true value of a quantity of interest. Several of the most
widely measures in the literature are the Root Mean Squared Error (RMSE), Absolute
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Mean Square Error (AMSE), the Normalized-Root-Mean-Square Error (NRMSE), the
Absolute Mean Error (AME), and the Mean Absolute Relative Difference (MARD)
[31].

The RMSE is a frequently used measure of the differences between values (sam-
ple and population values) predicted by a model or an estimator and the values
actually observed. The RMSE represents the standard deviation of the differences
between predicted values and the observed values. The definition of RMSE is as
follows:

RMSE =

vuut 1

m

mX

i=1

(yt � y0t)
2 (3.5)

where yt is the observed glucose measurements at time t, and y0t is the predicted
glucose measurement at time t.

The NRMSE is defined as the RMSE 3.5 divided by max(y)�min(y), namely:

NRMSE =
RMSE

max(y)�min(y)
(3.6)

The AMSE is a quantity used to measure how close forecasts or predictions are
to the eventual outcomes. The AMSE is is defined to be the square of RMSE 3.5,
namely:

AMSE = (RMSE)2 (3.7)

The MARD is defined as the average or mean of the absolute difference of two
random independently and identically distributed variables with the same (unknown)
distribution. The MARD quantifies the mean absolute difference in comparison to
the size of the mean and is a dimensionless quantity. The definition of MARD is as
follows:

MARD =
1

m

mX

t=1

|yt � y0t|
yt

(3.8)

The AME is also a quantity used to measure how close forecasts or predictions
are to the eventual outcomes. It is the average absolute difference between two vari-
ables. The formal definition of AME is the following:

AME =
1

m

mX

i=1

|yt � y0t| (3.9)

The accuracy rate is a quantity best suited for a classification problem than re-
gression. It is defined as the success rate in predicting the glycemic events divided
by the number of samples:

Accuracy =
#TP hypoglycemia +#TP hyperglycemia +#TP normoglycemia

#Samples
(3.10)
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Chapter 4

Results

For each of the 11 patients we obtained the CGM blood glucose level records for
the time windows between 7 to 50 nonconsecutive days. Considering the fact that
hypoglycemia may be an immediate life threatening situation, and hyperglycemia
may lead to major long term health complications, we decided to measure the er-
ror during these situations more concretely. Thus, three different additional testing
subsets were created:

1. All the samples of hyperglycemia (CGM values lower than 70 mg/dl)

2. All the samples of hypoglycemia (CGM values between 70 and 250 mg/dl)

3. All the samples of normoglycemia (CGM values higher than 250 mg/dl)

This allowed us to specifically measure the testing error of the models in these life
threatening situations, as proof that our model can be used to send a warning signal
prior to the event and treat it in advance.

For every patient, each one of the learning techniques (regular/special label and
linear/RBF kernel) were applied on the full training set, and then measured using all
the testing sets. The results shown on tables 4.1a, 4.1b, 4.2a and 4.2a are the average
results for all the patients for each of the specific learning techniques. In table 4.3, we
show the average result by choosing the best model for each patient; in other words,
we took the model with the lowest AMSE value on the overall testing set The full
results can be found in reference [32].

4.1 Global Analysis

As can be seen from the results, we achieved an RMSE of 21.707 when only using
KRR RBF with the Special label, or an RMSE of 20.482 if we chose a different model
for each patient. This is improvement over Plis et al [22] of 22.6 using the SVR and a
prediction window of 30 minutes. Moreover, the most significant improvement was
the Hypoglycemia prediction, with a true positive rate of 35.9% using a different
model for each patient, or 51.9% by choosing, again, KRR RBF with the Special label.
compared to 23% reported by Plis et al [22].

4.2 Patient Analyses

Patient #1 did not have any hypoglycemic measurements in the testing set; therefore
we do not have any statistics for hypoglycemia in table 4.4 and figure 4.1. There are
no hypoglycemia False-Positive predictions, which was probably caused by a bias
of the model toward normoglycemia due to the lack of relevant data in the training
set.
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(A) KRR RBF with regular label

Average STD
RMSE Overall 27.19 10.51

Hyper 31.27 11.95
Balanced 27.36 13.50

Hypo 37.59 18.99
NRMSE Overall 0.11 0.028

Hyper 0.38 0.19
Balanced 0.16 0.08

Hypo 2.73 2.45
MARD Overall 0.16 0.082

Hyper 0.08 0.03
Balanced 0.15 0.08

Hypo 0.60 0.33
AME Overall 20.05 7.23

Hyper 23.44 8.82
Balanced 20.37 9.70

Hypo 34.39 18.02
Accuracy rate 0.90 0.09

(B) KRR RBF with special label

Average STD
RMSE Overall 22.22 8.54

Hyper 27.18 10.61
Balanced 22.20 8.67

Hypo 21.73 16.52
NRMSE Overall 0.09 0.04

Hyper 0.15 0.06
Balanced 0.10 0.04

Hypo 0.25 0.25
MARD Overall 0.11 0.05

Hyper 0.07 0.03
Balanced 0.13 0.05

Hypo 0.32 0.267
AME Overall 16.31 6.49

Hyper 20.41 8.01
Balanced 16.48 6.72

Hypo 19.48 17.21
Accuracy rate 0.92 0.05

TABLE 4.1: Comparing the average results of the KRR with RBF ker-
nel, Regular label vs. Special label

(A) KRR linear with regular label

Average STD
RMSE Overall 23.51 7.69

Hyper 30.96 10.04
Balanced 23.33 7.73

Hypo 28.62 12.67
NRMSE Overall 0.09 0.02

Hyper 0.39 0.21
Balanced 0.13 0.04

Hypo 2.44 2.86
MARD Overall 0.13 0.05

Hyper 0.08 0.02
Balanced 0.12 0.04

Hypo 0.43 0.20
AME Overall 17.87 5.69

Hyper 24.22 7.51
Balanced 17.87 5.98

Hypo 25.71 12.92
Accuracy rate 0.91 0.06

(B) KRR linear with special label

Average STD
RMSE Overall 21.70 9.45

Hyper 27.35 13.36
Balanced 21.46 9.15

Hypo 20.72 13.72
NRMSE Overall 0.08 0.04

Hyper 0.15 0.08
Balanced 0.09 0.04

Hypo 0.24 0.20
MARD Overall 0.11 0.05

Hyper 0.07 0.03
Balanced 0.11 0.05

Hypo 0.30 0.22
AME Overall 16.12 7.37

Hyper 21.09 10.08
Balanced 16.12 7.42

Hypo 18.23 14.00
Accuracy rate 0.92 0.05

TABLE 4.2: Comparing the average results of the KRR with linear
kernel, Regular label vs. Special label

The results for Patient #2 in table 4.5 and figure 4.2 show that none of the models
performed well. This can be attributed to the fact that the training and tests sets
were inconsistent with each other. In the training set there were no hypoglycemic
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Average STD
RMSE Overall 20.482 9.719

Hyper 26.278 12.622
Balanced 20.425 9.767

Hypo 20.634 15.151
NRMSE Overall 0.082 0.031

Hyper 0.287 0.247
Balanced 0.111 0.047

Hypo 0.791 1.135
MARD Overall 0.103 0.050

Hyper 0.070 0.033
Balanced 0.109 0.054

Hypo 0.305 0.239
AME Overall 15.359 7.448

Hyper 20.190 9.645
Balanced 15.528 7.761

Hypo 18.601 15.385
Accuracy rate 0.934 0.054

TABLE 4.3: The average results for the best method for each patient

measurements, 795 normoglycemic measurements and 414 hyperglycemic measure-
ments, however in the testing set there were 17 hypoglycemic measurements, 410
normoglycemic measurements and 92 hyperglycemic measurements. This led to the
bias in the model toward normal-hyper predictions, which made the error for hypo
very high.

Even though patient #3 had a very diverse training set with 52 hypoglycemic
measurements, 1426 normoglycemic measurements and 538 measurements, table 4.6
and figure 4.3 show that none of the models performed well. This can be explained
by the fact that this patients CGM measurements were very erratic. On the bright
side, 68% of the hypoglycemic events were correctly predicted by the KRR special.

Patient #4’s results in table 4.7 and figure 4.4 depict a patient with fairly well bal-
anced glucose levels that could be predicted more easily. The results were very good
for all the models and all the statistics. Importantly, however, note that this patient
did not have any hypoglycemic measurements in either the training or testing set,
which probably facilitated the prediction as all the measurements were consistent in
both the training and testing sets.

The results for patient #5 differ from the others in the sense that the regular label
may still be the best choise for some patients. As can be seen in table 4.8 and figure
4.5 all the models performed similarly, but the regular label outperformed the special
label in terms of hypoglycemia prediction accuracy.

In the testing set for patient #6 there was a single sample of hypoglycemia, there-
fore the NRMSE 3.6 could not be measured since the denominator is defined as
max(y) � min(y) which equals zero. Moreover, a hypo accuracy of zero is not that
bad because there is only one measurement. Aside from the performance on the
hypoglycemic set, all the models performed very well with similar results as can be
seen in table 4.9 and figure 4.6.

An interesting feature appeared in the results for patient #7. The hypoglycemic,
normoglycemic and hyperglycemic sets were, 63, 526 and 1628 respectively whereas
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the testing sets were 22, 1475 and 720 respectively, and even though the hyper-
glycemic training set was very large, the results on the hyperglycemic testing sets
was poor, but on the other sets was very good as can be seen in table 4.10 and figure
4.7.

The results for patient #8 were very good as can be seen in table 4.11 and figure
4.8. This patient had a very large dataset composed of 38076 samples for the training
set and 16309 samples, all without any hyperglycemic events. None of the models
performed better than the others, but, more concretely the accuracy rate was the best
with the KRR linear with the regular label but the best hypoglycemia accuracy was
found for KRR rbf with the special label.

The results for patient #9 were very similar to patient #8. He also had no hyper-
glycemic events and the data consisted of a training set of size 3036 and a testing
set of size 1302. Again, the best accuracy was marginally better with the KRR linear
with the regular label and the best hypo accuracy was significantly better with the
hypo accuracy as can be seen in table 4.12 and figure 4.9.

Patient #10 had hyperglycemic measurements in the training set but none in the
testing set, As shown in table 4.13 the results were very low; more specifically this
patient had a very good hypo accuracy and an accuracy rate of 0.895 and 0.987 re-
spectively using the KRR rbf with the special label, which is very good. This can
probably be related to the balanced nature of this patient’s diabetes as can be seen in
figure 4.10.

The largest dataset belonged to patient #11 with overall 80641 samples separated
into 56448 training samples and 24193 testing samples. The results were very good
for all the models and more specifically for the KRR linear with the special label that
had very low RMSE; however the model that performed the best in terms of accuracy
rate and hypo accuracy was again the KRR rbf with the special label with 0.937 and
0.889 respectively. This can be seen in table 4.14 and figure 4.11. We attribute these
results to the large diverse dataset of this patient.
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!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.1: Patient #1 - Comparing the performance of our models
vs. real CGM measurements

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.2: Patient #2 - Comparing the performance of our models
vs. real CGM measurements
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!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.3: Patient #3 - Comparing the performance of our models
vs. real CGM measurements

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.4: Patient #4 - Comparing the performance of our models
vs. real CGM measurements
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!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.5: Patient #5 - Comparing the performance of our models
vs. real CGM measurements

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.6: Patient #6 - Comparing the performance of our models
vs. real CGM measurements
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!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.7: Patient #7 - Comparing the performance of our models
vs. real CGM measurements

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.8: Patient #8 - Comparing the performance of our models
vs. real CGM measurements
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!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.9: Patient #9 - Comparing the performance of our models
vs. real CGM measurements

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.10: Patient #10 - Comparing the performance of our models
vs. real CGM measurements
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 631.386 2168.800 663.147 624.100
Hyper 567.389 560.035 569.305 538.198
Balanced 697.853 3834.850 760.609 712.799
Hypo No data No data No data No data

RMSE Overall 25.127 46.570 25.752 24.982
Hyper 23.820 23.665 23.860 23.199
Balanced 26.417 61.926 27.579 26.698
Hypo No data No data No data No data

NRMSE Overall 0.151 0.149 0.155 0.080
Hyper 0.169 0.167 0.169 0.163
Balanced 0.165 0.366 0.172 0.158
Hypo No data No data No data No data

MARD Overall 0.094 0.212 0.110 0.106
Hyper 0.061 0.057 0.063 0.613 063
Balanced 0.130 0.371 0.159 0.153
Hypo No data No data No data No data

AME Overall 19.414 31.058 21.500 20.830
Hyper 18.288 17.468 19.139 18.574
Balanced 20.582 45.132 23.952 23.158
Hypo No data No data No data No data

Accuracy rate 0.927 0.895 0.904 0.907
Hypo accuracy No data No data No data No data
Hypo False Positive 0 0 0 0

TABLE 4.4: Showing all the relevant statistics on the prediction made
for Patient #1
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 910.833 853.454 906.422 837.799
Hyper 648.711 553.392 844.273 776.676
Balanced 972.943 908.170 936.214 868.177
Hypo 874.891 1110.940 623.280 539.690

RMSE Overall 30.180 29.214 30.107 28.945
Hyper 25.470 23.524 29.056 27.869
Balanced 31.192 30.136 30.598 29.465
Hypo 29.579 33.331 24.966 23.231

NRMSE Overall 0.115 0.104 0.115 0.103
Hyper 0.172 0.261 0.196 0.310
Balanced 0.119 0.171 0.117 0.167
Hypo 0.799 4.762 0.675 3.319

MARD Overall 0.167 0.170 0.161 0.153
Hyper 0.069 0.063 0.080 0.076
Balanced 0.175 0.177 0.169 0.161
Hypo 0.435 0.496 0.355 0.329

AME Overall 22.943 22.480 23.030 22.031
Hyper 19.490 17.735 23.014 21.992
Balanced 23.394 22.982 22.992 22.038
Hypo 29.169 33.189 23.797 22.076

Accuracy rate 0.891 0.903 0.893 0.899
Hypo accuracy 0 0 0 0
Hypo False Positive 0 0 0 0

TABLE 4.5: Showing all the relevant statistics on the prediction made
for Patient #2
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 1275.020 1686.840 1280.120 1302.370
Hyper 1503.560 1218.730 1509.680 1541.490
Balanced 1512.770 1479.980 1409.150 1454.370
Hypo 513.906 2593.110 771.409 731.445

RMSE Overall 35.707 41.071 35.779 36.088
Hyper 38.776 34.910 38.855 39.262
Balanced 38.894 38.471 37.539 38.136
Hypo 22.670 50.923 27.774 27.045

NRMSE Overall 0.123 0.114 0.123 0.100
Hyper 0.152 0.234 0.152 0.264
Balanced 0.148 0.216 0.143 0.214
Hypo 0.186 1.697 0.228 0.902

MARD Overall 0.216 0.364 0.245 0.241
Hyper 0.101 0.087 0.098 0.097
Balanced 0.216 0.211 0.213 0.217
Hypo 0.321 0.973 0.453 0.428

AME Overall 26.345 31.519 27.059 26.935
Hyper 29.979 25.998 29.326 28.967
Balanced 29.334 27.914 28.518 28.953
Hypo 16.087 44.923 21.604 20.393

Accuracy rate 0.826 0.710 0.812 0.815
Hypo accuracy 0.683 0.583 0.005 0.598
Hypo False Positive 0.045 0.031 0 0.035

TABLE 4.6: Showing all the relevant statistics on the prediction made
for Patient #3
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 474.597 425.032 432.663 432.661
Hyper 467.834 575.496 797.327 792.638
Balanced 474.865 419.086 418.253 418.436
Hypo No Data No Data No Data No Data

RMSE Overall 21.785 20.616 20.801 20.801
Hyper 21.630 23.990 28.237 28.154
Balanced 21.791 20.472 20.451 20.456
Hypo No Data No Data No Data No Data

NRMSE Overall 0.133 0.104 0.127 0.105
Hyper 0.233 0.522 0.304 0.612
Balanced 0.133 0.136 0.125 0.135
Hypo No Data No Data No Data No Data

MARD Overall 0.087 0.083 0.085 0.086
Hyper 0.065 0.074 0.092 0.093
Balanced 0.088 0.084 0.085 0.085
Hypo No Data No Data No Data No Data

AME Overall 16.340 15.579 15.807 15.873
Hyper 17.183 19.856 24.799 25.192
Balanced 16.307 15.410 15.452 15.504
Hypo No Data No Data No Data No Data

Accuracy rate 0.978 0.982 0.976 0.977
Hypo accuracy No Data No Data No Data No Data
Hypo False Positive 0 0 0 0

TABLE 4.7: Showing all the relevant statistics on the prediction made
for Patient #4
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 1114.630 1271.600 1185.260 1092.150
Hyper 1915.440 2674.090 2419.570 2134.290
Balanced 889.597 839.383 842.666 802.959
Hypo 882.163 3334.350 588.225 672.691

RMSE Overall 33.386 35.659 34.428 33.048
Hyper 43.766 51.712 49.189 46.198
Balanced 29.826 28.972 29.029 28.337
Hypo 29.701 57.744 24.253 25.936

NRMSE Overall 0.121 0.099 0.080 0.092
Hyper 0.193 0.345 0.114 0.308
Balanced 0.124 0.163 0.084 0.159
Hypo 0.443 2.062 0.351 0.926

MARD Overall 0.133 0.143 0.131 0.129
Hyper 0.119 0.138 0.128 0.123
Balanced 0.131 0.131 0.127 0.126
Hypo 0.516 0.921 0.392 0.423

AME Overall 24.308 25.553 24.177 23.663
Hyper 34.055 39.848 36.834 35.236
Balanced 21.468 21.131 20.609 20.385
Hypo 27.670 47.606 21.462 23.115

Accuracy rate 0.867 0.845 0.865 0.867
Hypo accuracy 0.333 0.533 0 0.533
Hypo False Positive 0.006 0.005 0.001 0.005

TABLE 4.8: Showing all the relevant statistics on the prediction made
for Patient #5
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 297.593 283.195 263.253 245.480
Hyper 211.041 211.106 210.209 227.314
Balanced 296.655 279.801 262.433 242.596
Hypo 3420.220 4830.220 2359.340 2897.320

RMSE Overall 17.251 16.828 16.225 15.668
Hyper 14.527 14.530 14.499 15.077
Balanced 17.224 16.727 16.200 15.576
Hypo 58.483 69.500 48.573 53.827

NRMSE Overall 0.067 0.082 0.063 0.076
Hyper 0.175 0.726 0.175 0.754
Balanced 0.067 0.094 0.063 0.088
Hypo Single sample Single sample Single sample Single sample

MARD Overall 0.086 0.088 0.081 0.083
Hyper 0.044 0.043 0.045 0.046
Balanced 0.086 0.089 0.081 0.083
Hypo 0.900 1.069 0.747 0.828

AME Overall 12.656 12.940 12.149 12.378
Hyper 11.270 11.254 11.565 11.808
Balanced 12.646 12.928 12.122 12.344
Hypo 58.483 69.500 48.573 53.827

Accuracy rate 0.953 0.957 0.951 0.951
Hypo accuracy 0 0 0 0
Hypo False Positive 0.005 0.006 0 0.005

TABLE 4.9: Showing all the relevant statistics on the prediction made
for Patient #6
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 643.847 792.572 589.052 631.673
Hyper 1137.040 1565.120 848.049 821.669
Balanced 486.480 529.129 501.388 551.625
Hypo 408.136 997.965 642.239 1210.880

RMSE Overall 25.374 28.153 24.270 25.133
Hyper 33.720 39.562 29.121 28.665
Balanced 22.056 23.003 22.392 23.487
Hypo 20.202 31.591 25.342 34.798

NRMSE Overall 0.057 0.080 0.054 0.071
Hyper 0.075 0.264 0.065 0.191
Balanced 0.095 0.129 0.097 0.132
Hypo 0.192 1.316 0.241 1.450

MARD Overall 0.117 0.126 0.122 0.132
Hyper 0.066 0.082 0.064 0.067
Balanced 0.128 0.131 0.134 0.142
Hypo 0.293 0.487 0.370 0.533

AME Overall 18.378 20.133 18.497 19.672
Hyper 21.077 26.404 19.777 20.878
Balanced 17.515 17.805 17.967 18.945
Hypo 17.146 28.353 22.317 30.905

Accuracy rate 0.931 0.910 0.929 0.927
Hypo accuracy 0.316 0.111 0 0.053
Hypo False Positive 0.012 0.008 0.008 0.006

TABLE 4.10: Showing all the relevant statistics on the prediction
made for Patient #7
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 370.135 147.469 375.044 151.308
Hyper No data No data No data No data
Balanced 373.072 146.361 377.522 150.883
Hypo 178.354 290.833 213.257 206.356

RMSE Overall 19.239 12.144 19.366 12.301
Hyper No data No data No data No data
Balanced 19.315 12.098 19.430 12.283
Hypo 13.355 17.054 14.603 14.365

NRMSE Overall 0.070 0.076 0.071 0.077
Hyper No data No data No data No data
Balanced 0.071 0.082 0.071 0.083
Hypo 0.142 1.421 0.155 1.197

MARD Overall 0.119 0.076 0.120 0.077
Hyper No data No data No data No data
Balanced 0.119 0.075 0.119 0.076
Hypo 0.150 0.246 0.151 0.193

AME Overall 12.992 8.420 13.034 8.606
Hyper No data No data No data No data
Balanced 13.038 8.361 13.080 8.575
Hypo 9.986 16.074 10.069 12.693

Accuracy rate 0.944 0.993 0.945 0.992
Hypo accuracy 0.682 0.644 0 0.111
Hypo False Positive 0.051 0.050 0.000 0.002

TABLE 4.11: Showing all the relevant statistics on the prediction
made for Patient #8
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 162.337 703.737 221.207 634.608
Hyper No data No data No data No data
Balanced 167.552 673.304 226.203 604.677
Hypo 58.120 1804.540 121.374 1717.220

RMSE Overall 12.741 26.528 14.873 25.191
Hyper No data No data No data No data
Balanced 12.944 25.948 15.040 24.590
Hypo 7.624 42.480 11.017 41.439

NRMSE Overall 0.060 0.152 0.059 0.144
Hyper No data No data No data No data
Balanced 0.061 0.171 0.059 0.162
Hypo 0.051 1.931 0.092 1.884

MARD Overall 0.069 0.155 0.077 0.150
Hyper No data No data No data No data
Balanced 0.067 0.140 0.074 0.136
Hypo 0.113 0.696 0.154 0.661

AME Overall 9.362 20.028 10.287 18.870
Hyper No data No data No data No data
Balanced 9.507 19.524 10.358 18.387
Hypo 6.453 38.264 8.868 36.350

Accuracy rate 0.962 0.962 0.962 0.967
Hypo accuracy 0.869 0.770 0.088 0.294
Hypo False Positive 0.008 0.016 0.013 0.015

TABLE 4.12: Showing all the relevant statistics on the prediction
made for Patient #9
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 136.255 359.693 124.165 168.077
Hyper No data No data No data No data
Balanced 138.202 361.820 125.868 164.590
Hypo 40.233 254.726 40.167 340.119

RMSE Overall 11.673 18.966 11.143 12.965
Hyper No data No data No data No data
Balanced 11.756 19.022 11.219 12.829
Hypo 6.343 15.960 6.338 18.442

NRMSE Overall 0.118 0.136 0.113 0.093
Hyper No data No data No data No data
Balanced 0.119 0.139 0.113 0.094
Hypo 0.163 7.980 0.163 9.221

MARD Overall 0.067 0.109 0.064 0.081
Hyper No data No data No data No data
Balanced 0.067 0.107 0.063 0.078
Hypo 0.073 0.217 0.074 0.244

AME Overall 8.729 15.472 8.115 10.259
Hyper No data No data No data No data
Balanced 8.804 15.482 8.175 10.125
Hypo 5.011 14.984 5.126 16.856

Accuracy rate 0.987 0.982 0.987 0.981
Hypo accuracy 0.895 0.947 0 0
Hypo False Positive 0.012 0.012 0 0.001

TABLE 4.13: Showing all the relevant statistics on the prediction
made for Patient #10
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KRR with rbf kernel KRR with linear kernel
Special label Regular Label Special label Regular Label

AMSE Overall 142.524 544.062 36.412 553.316
Hyper 247.947 1464.740 35.954 1544.810
Balanced 164.362 586.656 43.301 616.778
Hypo 58.091 391.385 13.606 343.510

RMSE Overall 11.938 23.325 6.034 23.523
Hyper 15.746 38.272 5.996 39.304
Balanced 12.820 24.221 6.580 24.835
Hypo 7.622 19.784 3.689 18.534

NRMSE Overall 0.031 0.082 0.016 0.082
Hyper 0.064 0.504 0.024 0.517
Balanced 0.034 0.135 0.017 0.138
Hypo 0.038 0.659 0.018 0.618

MARD Overall 0.078 0.193 0.036 0.190
Hyper 0.044 0.105 0.016 0.114
Balanced 0.073 0.147 0.034 0.155
Hypo 0.098 0.314 0.043 0.284

AME Overall 7.983 17.384 3.732 17.535
Hyper 11.939 28.950 4.299 31.188
Balanced 8.652 17.452 4.133 18.191
Hypo 5.314 16.671 2.337 15.207

Accuracy rate 0.937 0.817 0.972 0.826
Hypo accuracy 0.889 0.889 0.504 0.570
Hypo False Positive 0.030 0.030 0.038 0.047

TABLE 4.14: Showing all the relevant statistics on the prediction
made for Patient #11



4.2. Patient Analyses 31

!
(A) Regular linear

KRR vs. Real
(B) Special linear KRR

vs. Real

(C) Regular RBF KRR
vs. Real

(D) Special RBF KRR
vs. Real

FIGURE 4.11: Patient #11 - Comparing the performance of our models
vs. real CGM measurements
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Chapter 5

Conclusions

Future blood glucose values can be predicted using a Machine Learning approach,
which can be implemented to take steps that can prevent these life threatening situ-
ations in advance.

Our model is very general in the sense that it only requires CGM measurements
for its predictions. It does not require human intervention and is thus free human
error, and could eventually be used in a closed loop ‘artificial pancreas’ system.

In addition to blood glucose prediction, our algorithm also notifies when it iden-
tifies of future hypoglycemia/hyperglycemia. In existing CGM’s, due to large num-
ber of false positive alarms, the patients tend to turn off the alarm in frustration. Our
model achieved a very good score of false-positive hypoglycemia prediction, 1%,
while achieving a relatively high true-positive hypoglycemia prediction of 44.8%,
which means that an alarm signaled by our algorithm should be heeded, thus con-
siderably improving patients’ quality of life.

Finally, CGM systems measure glucose in interstitial fluid, not in the blood,
which results in some time delay, especially during fast changes in BG [6]. Because of
this delay, currently, it is recommended that CGM data would not be used for deter-
mining insulin doses or detecting hypoglycemia. For most patients, the time delay
is bounded by 20 minutes [6]. Since our algorithm predicts glucose level within 30
minutes, it can be easily used for detecting current glucose level, thus reducing the
impact of the time delay.

As future work, trying to collect more features such as Insulin injection, and car-
bonhydrate consumption that may improve our method. The patient specific analy-
ses points to the problem of the lack of certain information since some tend to have
lower/higher BG. This problem can probably be solved by gathering more infor-
mation, in that patients with larger data sets had better results. Another possible
solution is to model a specific patients with other patients’ data, perhaps by using
some kind of similarity or weight vector on other patients’ models.
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Improving Blood Glucose Level Predictability using Machine Learning 

Abstract 

OBJECTIVE: To improve blood glucose level predictability based on a continuous 

glucose monitor system (CGM), and forewarning of future hypoglycemic and 

hyperglycemic events, while minimizing false-positive alerts. 

RESEARCH DESIGN AND METHODS: CGM data of 7-50 nonconsecutive days was 

analyzed from 11 type-1 diabetic patients (T1DM; 18-39 years old with a mean HbA1C 

of 7.5 ± 1.2%) using Supervised Machine Learning (SML) methods. Data was used to 

develop a general predictor of glucose level, and a refined patient-specific online learning 

algorithm. The designed algorithm provided a personal medicine solution, as the best-fit 

model of the SML methods was taken for each patient.  

The accuracy of predicted vs. actual measured glucose values was calculated for five 

cases: four SML methods, and the best-fit method of the SML methods. Several 

statistical parameters (root-mean-squared-error, normalized-root-mean-square error, 

absolute-mean-error, the mean-absolute-value) that are commonly used to aggregate the 

magnitudes of the predictions errors were calculated.  

RESULTS: The root-mean-squared-error was 20.482 mg/dL and the absolute-mean-error 

was 15.359 mg/dL when the best-fit-model was selected for each patient. Using this latter 

model, the true-positive rate for hypoglycemia prediction was 51.9% and the false-

positive rate was 1.0%. Similar results were found even when only hypoglycemic 

samples were considered. 

CONCLUSIONS: Machine Learning tools used by the developed-algorithm were 

effective for 30-minute predictions of glucose level values. The algorithm provided 

personalized solutions, based on CGM measurements, without the need of human 



 
 

 
 

intervention. In addition to glucose value prediction, the algorithm successfully alerts 

when hypoglycemia and hyperglycemia are expected. 

Glycemic control through insulin replacement is the cornerstone of T1DM treatment. 

However, achieving normoglycemia while using a continuous-subcutaneous-insulin-

infusion system (CSII) necessitates considerable computing efforts that incorporate 

multiple and varying physiologic parameters including food characteristics, food 

absorption, energy expenditure, and glucagon action, while accounting for the inherent 

pharmacokinetics and pharmacodynamics of available insulin preparations. Therefore, it 

is often impossible for a T1DM patient to maintain a good glycemic control while 

avoiding over or under treatment which may result in life threatening hyperglycemic and 

hypoglycemic events. The rationale for the proposed research is to improve glycemic 

control without increasing the risk of hypoglycemia in individuals with T1DM. 

 

Currently available state-of-the-art technology is based on incorporating glycemic 

information obtained by CGM, which measures subcutaneous interstitial fluid glucose 

levels, with CSII, using insulin pumps and short acting insulin preparations. The use of 

this technology necessitates patient input to provide information such as meal sizes and 

carbohydrate content, insulin bolus dosing, and activity levels (2). Several statistical 

methodologies for predicting upcoming glucose values from CGM data have been 

proposed over the last decade, such as dynamic risk measurement (23), stochastic models 

(3, 4), auto-regressive models (5-7), support-vector-regression models (8, 9), and 

machine learning-based models (16,9,7). 

 

Machine Learning (ML) is a subfield of Computer Science aimed at getting computers to 

act and improve over time in autonomous fashion, by feeding them data in the form of 



 
 

 
 

observations and real-world interactions. The basic premise of ML is to build algorithms 

that can receive input data and use statistical techniques to predict an output that will fit 

given data without being explicitly programmed, while updating outputs as new data 

becomes available. Supervised Machine Learning (SML) is the task of learning a 

function based on a training stage followed by a testing stage. In the training process the 

algorithm analyzes a small subset of the dataset and predicts a function with the smallest 

error. In the testing process the model is examined on the remaining dataset in order to 

estimate the model’s error.  Commonly used methods of SML are the Kernel methods. 

These methods are aimed at finding patterns and relations in datasets that are non-linear 

by mapping the data to a different dataset on which easier (linear) methods are 

applicable.   

Additional explanations of SML and Kernel methods are presented in the Appendix. 

 

The main disadvantage of existing algorithms is that they are based on too simple 

models, and thus fail to capture the dependencies of the aspects that affect glucose levels, 

and ignore the fact that each patient is differently affected. Therefore these algorithms 

present a very inaccurate prediction. Hence, the primary objective of this study was to 

improve CGM glycemic predictability. We developed a novel algorithm that incorporates 

patient-specific machine learning analysis of individual glucose levels. 

 

Research Design and Methods 

The study was conducted at Ichilov Tel Aviv Medical Center and at Ariel University. The 

protocol was approved by Ichilov Tel Aviv Medical Center review board. Eligibility 

criteria included age of 18 years and above, diagnosis of T1DM in accordance with 

American Diabetes Association guidelines, and current use of a CGM system. Eleven 



 
 

 
 

individuals who met the enrollment criteria participated in the study, without any changes 

in their diabetes regimen. 

 

Following the clinical CGM data collection, data analysis was conducted in several steps:  

gathering and incorporating sensor specific and diary data, arranging and validating the 

dataset, identifying features based on the data stored in the database specifically for each 

patient and diary database (17, 18). Overall, 49351 measurements were collected from all 

the participants; the mean number of measurements per patient was 4395. Finally, the last 

step consisted of computing the predicted glucose values and classifying each value into 

one of three different categories: normoglycemia, hypoglycemia, and hyperglycemia. 

This step was conducted by using Kernel methods (19).  

 

Supervised Machine Learning Algorithm 

Data that were collected by the Enlite glucose sensor (Medtronic Diabetes, Northridge, 

CA) were analyzed using SMLM in order to provide an accurate prediction of blood 

glucose measurements in a time window of 30 minutes. For improved results, a method 

of label mapping was used: !"#$%&'	)&*#'[,] 	= 	/01[,	 + 	3,] 	+	
45

65
(/01[,] 	−

	/01[, − 9,]), where 9, is a hyper-parameter that represents the time window size of 

previous measurements considered by the algorithm (several options were tested for each 

patient), and 3, is the prediction time window size in minutes (30 minutes). 

The methods used by our algorithm are the following four variants of Kernel methods 

discussed above: Kernel Ridge Regression (KRR) with regular label, KRR with special 

label, KRR Radial Basis Function (RBF) with regular label, KRR RBF with special label. 

The main difference between these methods is the function used for mapping the data. 

Three testing subsets were assembled: 



 
 

 
 

(1) All severe hyperglycemia samples (all glucose measurements >250 mg/dL) 

(2) All hypoglycemia samples (all glucose measurements < 70 mg/dL) 

(3) All normoglycemia samples (all glucose measurements > 70 mg/dL and <250 mg/dL) 

For every participant, each of the learning techniques (regular/special label and 

linear/RBF kernel) was applied on the full training set, and then measured using all the 

testing sets. 

 

Statistical Methods 

For appropriately evaluating the machine learning-based algorithm, several measures of 

errors were examined (15, 20). The error of an observed value is the deviation of the 

observed value from the true value of the quantity of interest. Here, we analyzed 

according to some of the most widely used measures of error in the literature (21): the 

root-mean-square error (RMSE), the normalized-root-mean-square error (NRMSE), the 

absolute-mean-error (AME), and the mean-absolute-value (MARD). These parameters 

are frequently used to measure an algorithm's error by calculating the differences between 

values predicted by the algorithm and the observed values. RMSE and AME are 

measured at the same units as the data samples units, in our case mg/dL; while NRMSE 

and MARD are normalized parameters so they are absolute numbers between 0 and 1. 

For all parameters, a small value indicates a small error. Further explanations of the 

above error measurements are presented in the Appendix. 

Our algorithm assumes no pre-knowledge of the patients.  

 

In addition, three parameters were defined: accuracy rate, which is the rate of correct 

glucose value predictions of all predictions; hypoglycemia accuracy, which is the rate of 

correct glucose value predictions < 70 mg/dL of all predictions (true positive); and 



 
 

 
 

hypoglycemia false positive accuracy, which is the rate of incorrect glucose value 

predictions < 70 mg/dL of all predictions (false positive). 

Additional explanations of the above statistical parameters are presented in the Appendix. 

Results 

The study comprised CGM glucose level records of 11 patients, mean A1C of 7.5 ± 

1.2%, of time duration between 7 to 50 nonconsecutive days. 

For evaluating our algorithm we calculated the means and standard deviations 

considering all the participants, of the error measures for each of the specific learning 

techniques applied. In addition, we calculated the mean error measures of the specific 

model that yielded the lowest RMSE value for each patient, on the overall testing set. 

This was termed best fit model (See Table 1). Figures 1-2 present the graphs for 4 

patients showing 30-minute predicted glucose levels vs. CGM recordings, according to 

the four methods applied: KRR with regular label, KRR with special label, KRR RBF 

with regular label, KRR RBF with special label.  

For some patients, some testing subsets contained no measurements. For instance, there 

were no records of measurements over 250 mg/dl in the testing set for patient #4. In such 

case, the specific data were not incorporated into the mean calculation of the specific 

testing set type. The full results sheet can be found in (22). 

The calculations of the error measurements represent the difference between the actual 

measured glucose values and the glucose values predicted by the algorithm. Results show 

that the overall mean achieved RMSE was 20.482  mg/dL when using the personalized  

model with the best fit, while the achieved RMSE was 21.707 mg/dL when using  KRR 

RBF with the special label model. The mean achieved RMSE of hypoglycemic 

measurements was 20.634 mg/dL when using the personalized model with the best fit.  



 
 

 
 

For this model the overall mean achieved NRMSE was 0.082, the overall mean achieved 

MARD was 0.103 and the overall mean achieved AME was 15.359 mg/dL. Moreover, 

the more important improvement is the hypoglycemia prediction, for which we achieved 

a true-positive rate of 51.9% by choosing KRR RBF with the Special label, while 

achieving a false-positive rate of 1%.  

 

Conclusions 

This study shows that glucose values can be predicted using a machine learning approach 

allowing individual monitoring and response. The upshot is attaining information that can 

serve as the basis for actions that may prevent life threatening situations in a personalized 

manner. 

A new model and a new algorithm were defined for predicting the blood glucose level in 

the subsequent 30 minutes since last recording. The main advantage of this model is that 

it requires only CGM measurements for its predictions, without the need of feeding data 

such as food type, physical activity regarding human intervention. Thus, it is not 

influenced by human error, and can eventually be incorporated into a closed loop of an 

‘artificial pancreas system. In addition, our algorithm provides a personalized medicine 

solution, as it takes the best fit method for each patient. 

Accuracy of predicted glucose values  of our algorithm vs. actual measured glucose 

values was higher than previously published algorithms (7-9, 11, 13-16) when comparing 

RMSE, NRMSE, AME, and MARD values. Predicted glucose values  of our algorithm 

remains accurate even when analyzing the hypoglycemic samples, where the error is 

usually higher according to other methods. 

The suggested algorithm achieves a very low rate of false-positive hypoglycemic 

predictions, 1%, while achieving a relatively high true-positive hypoglycemic prediction 



 
 

 
 

rate of almost 52%. This improved accuracy of glucose value predictions assure less false 

positive when hypoglycemia and hyperglycemia are expected. In existing CGMs, due to 

large numbers of false positive alarms, patients tend to turn off the alarms and risk 

ignoring a hypo or hyperglycemia event. 

A number of previous studies used simulations (10) or relied on data of patients with 

mean A1C of 6.6 ± 0.7%, which is much easier to predict (12), while we relied on data of 

patients with mean A1C of 7.5 ± 1.2%.  In a study resembling ours (16), the investigators 

developed a Machine Learning based model for predicting blood glucose levels, and 

compared the results to those predicted by physicians, using support vector regression 

and a prediction window of 30 minutes. They received RMSE of 22.9 mg/dl, which 

indicates greater error than with our algorithm. Moreover, they achieved a 23% true-

positive hypoglycemia prediction rate, which is significantly lower than the 52% rate 

achieved by our algorithm. Several problems arise from their work. First, database 

included only 5 patients, 40 measurements for each patient, and these measurements were 

manually selected. Second, there were not enough measurements to predict glucose 

values <70 mg/dL, so the data were manipulated to artificially increase the number of 

hypoglycemia measurements. Further, that system incorporated a number of manually 

added factors, such as carbohydrate consumption and physical activity. Inputting such 

factors is a very demanding task that is almost impossible to follow in everyday life. 

Moreover, most people are not capable of estimating the exact amount of carbohydrates 

they consume, especially when eating out. 

 

In the paper by M. P. Reymann (9), blood glucose level was predicted by a method 

different from ours. The only error measurement provided by the authors was MARD, 

which was much worse than the MARD achieved by our algorithm.  



 
 

 
 

Mhakar et. al (7) presented a deep learning approach, in which they classified predicted 

measurements into three classes - hypoglycemia, hyperglycemia, and normoglycemia. 

One disadvantage of their study is that it did not include glucose value prediction. 

Secondly, the presented algorithm was not patient-specific since one machine was trained 

on 30% of the patients and tested on the remaining patients. Patient-specific predictions 

of blood glucose, as attained by our algorithm, is necessary both for designing a closed 

loop algorithm, and for providing specific treatment recommendations. 

Finally, CGM systems measure glucose in interstitial fluid but not in the blood, which 

results in some time delay, especially during fast changes in blood glucose level. Due to 

this delay, CGM data are not recommended for determining insulin doses or detecting 

hypoglycemia. For most patients the time delay is limited to 20 minutes. Since our 

algorithm predicts glucose level within 30 minutes, it can be easily used for detecting 

current glucose level, thus reducing the impact of the time delay. 



 
 

 
 

Summary 

We developed a new personalized Machine Learning method based on a solid 

mathematical theory that uses CGM measurements for predicting the blood glucose 

values 30 minutes in advance, and notifying future hypoglycemic and hyperglycemic 

events. Our prediction algorithm significantly outperformed previous works, and can be 

used as an improved basal insulin rate and bolus insulin calculator and in a closed loop 

‘artificial pancreas’ system. Moreover, our algorithm provides a personalized medicine 

solution choosing the best fit method for hypo and hyper glycemia prediction for each 

patient. 

 

Appendix 

Supervised Machine Learning 

Machine Learning (ML) is a subfield of Computer Science that uses statistical 

techniques, in which a computer is implicitly programed to predict a function that will fit 

given data. 

Unlike people, a well programmed machine is suited for the task of handling huge 

amounts of data and finding complex rules and relations between features of the data. 

A data set consists of samples; each sample is a tuple of features that represent the 

problem. The features have a very important role in the prediction's performance. Noisy 

data, lack of meaningful features, and lack of relevant samples significantly reduce the 

accuracy of a machine learning algorithm. A label, which is a number that the algorithm 

predicts, is matched to every sample. 

 

Supervised machine learning can be used to solve two main types of problems: 

Classification, in which the label is a natural number that represents a specific class; and 



 
 

 
 

Regression, in which the label is a rational number. An example of classification is 

deciding whether a fruit is rotten or not, given features consisting of its firmness, color 

and size. This kind of classification, in which there are two classes, is typically called 

Binary Classification and usually handles whether a sample is of some class (“1”) or not 

(“0”). An example of regression is predicting the monetary value of houses given the size 

and the age of the house as features. 

 

The act of learning consists of two stages: Training and Testing. In the process of 

Training the algorithm is tasked to fit the best function that will give the least (prediction) 

error on the data. This process is typically done by a convex function termed Loss 

Minimization. This function measures the model’s performance level. Due to the nature 

of convex functions, the model can be easily and efficiently optimized using convex 

programming methods such as Gradient Descent. 

 

In some cases, there are additional hyperparameters, namely, a set of parameters that 

change the behavior of the algorithm and are not necessarily convex, such as the 

regularization parameter or the network architecture. These parameters must be searched 

in a more “brute force” manner. The training data is separated again, into Training and 

validation sets. The model is trained using each possible hyperparameter and the 

performance is measured on the validation set. The hyperparameter that achieved the best 

result is then taken again to learn the final model used. 

When the training is done, the model is tested on the testing set in order to estimate the 

model’s error. This separation of the learning steps to training, validation and testing sets 

is very important for preventing over-fitting, a phenomenon that occurs when the model 

is trained to highly fit the data, yet it performs poorly in the real world on new samples. 



 
 

 
 

 

Typically, the algorithm finds a linear correlation between the features and the label, by 

minimizing some loss function. A loss function measures how well the model performs 

by measuring the distance from a perfect prediction. An optimal predictor will achieve 

zero loss. Unfortunately, this assumption does not hold in the real word, thus a good 

predictor is allowed to have some error. 

 

As stated above, the label is a number that the computer should predict, and is not 

explicitly given to the computer. However, this number should be implied by meaningful 

data by applying a certain function. Finding this function is actually the act of learning. 

 

In our case, at first the label, termed “Regular Label”, was set to be the CGM 

measurements in the future 30 minutes. To improve our results, a method of label 

mapping was used, for manipulating this label. The resultant label was termed “Special 

Label” and was set to be: !"#$%&'	)&*#'[,] 	= 	/01[,	 + 	3,] 	+	
45

65
(/01[,] 	−

	/01[, − 9,]) 

The idea behind this mapping is to compare the last measurement with some previous 

measurement in order to evaluate the change in the blood glucose. The parameter 9, is a 

hyper-parameter that represents the size of the window in which we look back (thus, a 

few options for this parameter have been tested for each patient). The parameter 3,	 is set 

to be the time window in which we want to predict, which in our case is set to 30 

minutes. 

 

The assumption that there is a linear correlation between the data and the label is 

somewhat naïve and restrictive in some cases. Thus, in many cases, the model was 



 
 

 
 

trained using the Kernel method. Kernel methods, or “Kernel trick”, is used in order to 

learn a more sophisticated non-linear model by mapping the features “on the flight” into a 

higher dimension in which there will be a linear correlation. Kernel Ridge Regression 

(KRR) is a supervised kernalized ML regression method. By taking the ridge regression 

and kernelizing it, the data are mapped into a higher dimension, where there may be 

linear separation. This method may achieve better results; however, its major 

disadvantages are that the learning and classification time are longer, and that the 

algorithm is more prone to over-fitting. Thus, it is highly advised to use regularization. 

 

Statistical Parameters 

The RMSE is a frequently used measure of the differences between values (sample and 

population values) predicted by a model or an estimator and the values actually observed. 

The RMSE represents the sample standard deviation of the differences between predicted 

values and observed values. The definition of RMSE is the following:	;1!< =

=
>

?
∑ (A5 − A′5)C
?
DE> 	where yt is the observed glucose measurements at time t, and y't is 

the predicted glucose measurement at time t. The NRMSE is the RMSE divided by 

max(y)-min(y), namely: F;1!< = GHIJ

?KL(M)N?DO(M)
. The MARD is defined as the average 

or mean of the absolute difference of two random variables independently and identically 

distributed with the same (unknown) distribution. The MARD quantifies the mean 

absolute difference in comparison to the size of the mean and is a dimensionless quantity. 

The definition of MARD is the following: 1P;Q =
>

?
∑ |MSN	MTS|

MS

?
5E> . The AME is also a 

quantity used to measure how close forecasts or predictions are to the eventual outcomes. 

It is the average absolute difference between two variables. The formal definition of 

AME is the following: P1< = >

?
∑ |A5 − A′5|
?
DE> . 
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Table 1 - Mean results for KRR with RBF kernel using the regular label, KRR with 

RBF kernel using the special label, KRR with Linear kernel using the regular label, 

KRR with Linear kernel using the special label, and mean results for selecting the 

best method for each patient 
 

                                            KRR with the 

                                            RBF kernel 

                                             using the 

                                             regular label 

KRR with the 

RBF kernel using 

the special label 

KRR with the 

linear kernel 

using the regular 

label 

KRR with the 

linear kernel 

 using the  

special label 

Selecting the 

best method 

for each patient 

 Mean STD 

RMSE 

(mg/dL) 

Overall 27.189 10.512 

Hyperglycemia 31.271 11.952 

Normoglycemia 27.363 13.499 

Hypoglycemia 37.596 18.996 

NRMSE 

(absolute  

number) 

Overall 0.107 0.028 

Hyperglycemia 0.378 0.189 

Normoglycemia 0.164 0.077 

Hypoglycemia 2.729 2.445 

MARD 

(absolute  

number) 

Overall 0.156 0.082 

Hyperglycemia 0.081 0.030 

Normoglycemia 0.151 0.084 

Hypoglycemia 0.602 0.326 

AME 

(mg/dL) 

Overall 20.052 7.230 

Hyperglycemia 23.439 8.819 

Normoglycemia 20.375 9.702 

Hypoglycemia 34.396 18.018 

Accuracy rate 0.905 0.087 

 

Mean STD 

22.218 8.538 

27.182 10.611 

22.203 8.669 

21.731 16.523 

0.095 0.039 

0.154 0.057 

0.103 0.041 

0.252 0.254 

0.112 0.046 

0.071 0.026 

0.116 0.047 

0.322 0.267 

16.313 6.496 

20.410 8.011 

16.477 6.717 

19.480 17.208 

0.927 0.049 

 

Mean STD 

23.513 7.694 

30.966 10.042 

23.336 7.732 

28.624 12.674 

0.093 0.021 

0.390 0.213 

0.139 0.040 

2.440 2.868 

0.130 0.052 

0.085 0.027 

0.128 0.044 

0.436 0.207 

17.877 5.693 

24.229 7.516 

17.873 5.988 

25.713 12.928 

0.919 0.062 

 

Mean STD 

21.707 9.453 

27.352 13.360 

21.460 9.154 

20.728 13.720 

0.089 0.041 

0.150 0.085 

0.096 0.044 

0.240 0.202 

0.112 0.056 

0.073 0.034 

0.114 0.053 

0.304 0.224 

16.126 7.375 

21.094 10.081 

16.123 7.426 

18.239 14.004 

0.927 0.054 

 

Mean STD 

20.482 9.719 

26.278 12.622 

20.425 9.767 

20.634 15.151 

0.082 0.031 

0.287 0.247 

0.111 0.047 

0.791 1.135 

0.103 0.050 

0.070 0.033 

0.109 0.054 

0.305 0.239 

15.359 7.448 

20.190 9.645 

15.528 7.761 

18.601 15.385 

0.934 0.054 
 



 
 

 
 

 

Figure 1 - Comparing results of four patients, KRR linear, KRR RBF both with 

regular label 

  

  

  

  

 

 

 

 

  



 
 

 
 

Figure 2 - Comparing results of four patients, KRR linear, KRR RBF both with 

special label 
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