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Abstract

Hypoglycemia is a dangerous scenario arises in the case
of patients with Diabetic Meletus, when the blood glucose
level falls below a threshold level (70 mg/dL or 3.9 mmol).
This is very common among Type-1 diabetic patients. This
may cause a lot of negative implications in the affected
patient’s body, such as cognitive  disabilities, seizures, and
in the extreme case, death of the patient. We can make use the
huge amount data available with new generation diabetic
health care instruments like continuous glucose monitors
(CGMs) and insulin pumps to predict future events of
hypoglycemia, thereby saving the life of a patient. Our paper
recommends a deep learning model to predict the upcoming

hypoglycemic events using Recurrent Neural Networks

(RNN).
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I INTRODUCTION

Diabetes Meletus is a group of decease conditions which
happens due to the poor digestion of carbohydrates in human
body. In normal cases, the processed carbohydrates are
converted to glucose, which provides energy to our body. But
the standard value of blood sugar in human body should be
within 70 mg/dL (3.9mmol/L) and 100 mg/dL (5.6 mmol/L).
If the sugar level in blood exceeds this range, the state is
known as hyper glycemia and when it falls below the range, it

isknown as hypoglycaemia[1].

Hypoglycemia is a very dangerous condition and if not

treated early enough, it may disrupt the cognitive
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progressions of the human body leading to seizures and
eventually death of the patient. Early prediction of risk of
hypoglycemia may help to deliver proper medical assistance

to the patient and thereby save a life [2].

The impact of digital technology in medical science has
improved the treatment methodologies for diabetes a lot.
Modern electronic equipment such as Continuous Glucose
Monitor (CGM) and insulin pump helps the patients to record
their blood glucose values and administrate proper amount of
insulin without painful needle pricks [3]. The CGM
measures the blood glucose of a patient once in every five
minutes and almost all CGMs continuously works for 14
days. Also, an insulin pump can provide with a sequence of
dosage of administrated insulin. We can make use of this
data for predicting the future glucose level as well as risk of

events like hypo or hyper glycemia[4].

The proposed model is based on Deep Leaning
techniques to forecast the future hypoglycemic events by
making use of the features of Recurrent Neural Networks.
The data used in this model is the CGM data and insulin
dosage of 4000+ subjects donated in the Tidepool Big Data
donation data set. After pre-processing of the row data, the
RNN predicted the occurrence of hypoglycemia with an
accuracy of 94.68% within a prediction horizon of 30

minutes.

II RELATED WORKS
In 1999, Bremer and Gough [4] predicted upcoming
glucose levels using prior glucose values. From there
onwards, many researchers have laid out models for
hypoglycemia anticipating utilizing factual and Al methods.

There are only a few works for predicting hypoglycemia
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using deep learning techniques. Most of the works
concentrate on predicting future blood glucose level, when

the current value is given as input.

Mujahid O, Contreras I and Vehi J (2021) conducted a
review on machine learning techniques for early
hypoglycemia prediction [5]. This study comprises 13
different models which follows different ML architectural
styles, which include LDA: Linear Discriminant Analysis;
PLSR: Partial Least Square Regression; IR: Infra-Red; ANN
(Artificial Neural Network) CNN (Convolutional Neural
Network), LSVM (Linear Support Vector Machine), LR
(Logistic Regression), RF (Random Forest), SVM (Support
Vector Machine), DT (Decision Tree), KNN (K Nearest
Neighbour) etc.,

Another study by Sudharsan B, Peeples M and Shomali
(2014) was based on Machine Learning to predict
hypoglycemia in Type-2 diabetic patients [6]. After training a
probabilistic model with Machine Learning algorithms they
have self-monitored blood glucose values from different
patients. The model was analysed using different sets of data
and also a second model was also tested by given medicine
dose as additional input. The model showed a sensitivity of
92% for predicting a hypoglycemia in the next 24 hours and
the specificity was 70%. When medicine information is

incorporated, the specificity improved to 90% [6].

Yue Ruan, Alexis Bellot, Zuzana Moysoya, Garry D.
Tam, Alistair Lumb, Jim Davies, Mihaela van der Schaar and
Rustan Rea(2020) have forecasted the chance of
hypoglycemia in patients with diabetes admitted to a large
hospital using machine learning technique [7]. They used
four years of data containing electronic health reports,
laboratory results, administrated medicines, physiological
features of the patients, and various procedures that the
patient has undergone during the admission period. From

their study, it was observed that the XGBoost model
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(AUROC 0.96) was the machine learning model with the
best performance. This outstripped the LR model, for which
the AUROC was 0.75 for the assessment of the stake of
clinical hypoglycemia[7].

Seo, W., Lee, YB., Lee, S. (2019), proposed an ML
model for predicting post prandial hypoglycemia [8]. They
used CGM datasets of 104 patients for whom there
occurred at least one hypoglycemia during three-days. The
model was based on ML models like K-nearest neighbour,
and a logistic regression. The performance of each model
was evaluated using 5-fold cross-subject validation. Within a
prediction horizon of 30 min the model showed an average

AUC ,0.966, the average sensitivity 89.6%, the average
specificity 0f91.3%, and the average F 1 score 0of 0.543[8].

In the paper titled, “Precision Medicine and Artificial
Intelligence: A Pilot Study on Deep Learning for
Hypoglycemic Events Detection based on ECG” (2020),
Mihaela Porumb, Saverio Stranges, Antonio Pescapé and
Leandro Pecchia made use of Al to detect mid-night
hypoglycemia using heartbeats of patients taken from ECG
signal recorded with wearable devices, in healthy people,
observed 24 [ lhours for 14 successive days [9]. In addition to
this, they have presented a visualization technique to depict
which part of the ECG is associated with the nocturnal
hypoglycemic event. The prescribed model used a
combination of CNN and RNN for the classification of ECG

signals.

This model is a RNN based model for predicting the
manifestation of hypoglycemia in Type-1 diabetic patients,
given the previous blood glucose values and dosage of

medicine administration as input.

III METHODS AND MATERIALS
The prescribed model is systematized in two phases, pre-

processing of data and construction of RNN model. This



Karpagam JCS Vol.17 Issue 5 Sep - Oct 2022

section describes the working of each section in detail.

3.1.Data Pre-Processing
3.1.1 Data Set

In this model we used a small part from the Tidepool Data
Set (Tidepool, Palo Alto, CA) which comprises more than
4000 subjects. The data set contains more than 27000 days
and 22,000 nights of CGM data and insulin dose given to 124
Type-1 diabetic patients of various age groups ranging from
12 to 50 years. All these were multi-vendor insulin pump
users. The data set also describes the occurrence of
hypoglycaemic events too. CGM readings were gotten each
5 min. The collected data covered more than 17,000 nights
when no hypoglycemia was observed and 5600 nights when
hypoglycemia was noticed. Tidepool does not provide any
personal data regarding the patients other than their age [10].
In order to avoid overfitting of data, 65% of the data have
been used for training the model and remaining 35% for

testing purpose.

3.2 Interpolation
The Figure 1 shows the CGM data of a Type-1 diabetic
patient observed on a single day. It can be observed that the

data sequence contains missing data at some points.
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Figure 1: CGM data of a Type -1
Diabetic Patient observed on a single day[11,12]
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As the result of our model highly rely on the difference
between current and future data points it is inappropriate to
have missing data points in the training as well as testing

data.[13]

In this model, the method of linear interpolation is used
to fill up the missing points. According to this method we can

find the missing points by using the following equation.
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Linear Interpolation(y)=y 1+(x-x1) (y2-y1)/x2-x1) [2]

where (x1, yl) is the primary point, (x2, y2) is the
subsequent point and (X, y) is the missing one which is to be

calculated.

3.3 Filtering

After interpolation, the data sequence is found to have
unexpected spikes at some points. To remove these spikes,
we use the median filter [14], in which the unfitted values are
replaced with the median of the nearby points. In our model,
the window size for median filtering is selected as 5. The
median filtering is only applied on the training data. After
interpolation and filtering, the data appears to be as given in

Figure 2.
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Fig.2. Big Data Characteristics

RNN has an input layer, hidden layers and one output
layer. In the case of RNN, the output of each layer will
become the input to the next layer. While considering the
independent input to each step, it takes the results of previous
stage also into consideration. Also, the hidden states have
the ability to remember certain details about the sequence.
Generally, we can consider RNN as a sequence of neural
networks which can be trained one after the other with back

propagation. Figure 3 shows the basic structure of RNN [10]
[11].

Figure 3: Basic structure of RNN
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The first layer is the input layer The subsequent layer is
known as the hidden layer which is answerable for weight

assignment, where we applied the tangent sigmoid function.
tanh(x)=2g(2x)—1.

Each layer has a bias which is created from its previous
layer. The training algorithm of Levenberg-Marquardt [3] is
used to randomly adjust and update weights and biases.

Through back propagation, the weights are optimized. [14]

The input contains two neurons for inputting the CGM
data as well as the insulin dosage, and the hidden layer
contains three neurons. In this model, we try to anticipate the
stake of hypoglycemic occasions in 30 minutes, 45 minutes

and 60 minutes of prediction horizons respectively.

V RESULTS AND DISCUSSION
With this model we have predicted the occurrence of

hypoglycemia. Tablel shows a subsection of the result set.

Trials Predicted Actual Remarks
Hypoglycae Result
mia

1 Yes Yes Real
Positive

2 No No Real
Negative

3 No Yes Fake
Negative

4 No No Real
Negative

5 Yes Yes Real
Positive

6 Yes No Fake
Positive

7 No No Real
Negative

8 No No Real
Negative

9 Yes Yes Real
Positive
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10 Yes Yes Real
Positive

11 Yes No Fake
Positive

12 Yes No Real
Positive

Table 1: Subset of Results After Prediction

Using these results, the accuracy of the prescribed model
can be calculated as: -
Accuracy = (RP+RN)/(RP+FP+FN+RN)
RP-Number of Real Positives
RN-Number of Real Negatives
FP-Number of Fake Positives
FN-Number of Fake Negatives

The analysis of overall results is summarised in Table 2.

PH > 30 min >45 min > 60 min
)
g
=S| TP 14502 9504 22687
=
=%
=
s =
~=| Fp 2462 3621 6345
£ o
£ .2
Z £
5 8| TN 45709 54328 56304
WD
28
T &
L >
AT | FN 924 1287 1008
Accuracy | 0.9467585| 0.9286005|  0.914841

Table 2: Analysis of Prediction Result

From the result we can observe that for shorter PH the
model shows high accuracy. As the Prediction Horizon
increases the accuracy slightly decreases. For PH of 30 min,
the prescribed model shows the highest accuracy rate of

94.68%.

VI CONCLUSION AND FUTURE ENHANCEMENTS
Hypoglycemia is a life-threatening condition affection

diabetic patient, especially Type-1 diabetic patients. Early
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prediction of risk of hypoglycemia may save the life of a
human being. Through our study, we describe a deep
learning-based model for early forecasting the presence of
hypoglycemia in Type-1 diabetic patients. We used RNN for
the prediction and the prescribed model showed 94.68%

accuracy rate as per our findings.

The overall architecture of our model is summarised in

Figure4.
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Figure 4: Overall Architecture of Proposed Model
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In this study, we have used the CGM data and insulin
dosage as inputs to the Deep Learning network. But for a
Type-1 diabetic patient, the previous blood glucose reading
and insulin intake will not be sufficient to predict the future
glucose level or occurrence of events such as hypo or hyper
glycemia. There are a lot of other factors which may affect
the decision in predicting whether there will be
hypoglycemia or not.

The blood glucose curve may rise abruptly at the time of meal
events and it may fall when the patient undergoes excessive
physical activities. So, this model could show better accuracy
ifthe total carbs intake (food) and amount of physical activity
(in terms of carbs burn) are also considered along with the

previous blood glucose value and insulin intake.

While pre-processing of data we used the method of
interpolation for filling up the missing data. When the entire
data set is considered, missing data may appear frequently.
Only shorter intervals of missing data can be effectively
filled by using interpolation. The CGM will normally reads
blood glucose level once in every five minutes. So, it is
unlikely to have larger time intervals of missing data in the
data input series. In the proposed model, there is no way to
compensate if longer contiguous intervals appear. In this case
we could divide the long missing intervals into discrete small
intervals and interpolate the missing values for each smaller

part separately.
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