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Abstract. The advent of machine learning has made a remarkable impact in the field of healthcare. Diabetes
mellitus is a metabolism abnormality that is posing severe threat, exercising substantial pressure on human
health worldwide. Diabetes mellitus is a public health problem around the world. In 1980, 108 million adults
worldwide had diabetes. By 2040 the number is expected to reach 642 million adults. Hence extensive research
in interdisciplinary field that uses skills from various fields such as statistics machine learning, artificial intelligence, visualization, etc. is carried out for better management of diabetes. In this paper, the focus is to use time
series forecasting algorithms. Data-driven models in time series machine learning are used to derive meaningful
and appropriate information from large volumes of blood glucose level and related data for precise forecasting of
upcoming blood glucose level fluctuations. Not only can the patient and physician be informed beforehand, to
avert complications, but also it aids in predicting response to certain medications with ease. In this case,
univariate data-driven models from time series machine learning algorithms are implemented on 2 different
continuous glucose monitoring sensor datasets: Libre Pro dataset of 10 patients and Ohio T1DM dataset of 6
patients. A comparison of performance evaluation metrics of the different time series machine learning algorithms is drawn based on root mean squared error (RMSE), mean average percentage error (MAPE) and Theil’s
U, which are statistical analyses, and Clarke’s error grid, which is clinical analysis for prediction horizon from
15 to 45 min. Using Holt’s Linear AAN Algorithm on Libre Pro dataset with alpha and beta of 0.99 provided the
least error among exponential smoothing algorithms with RMSE of 7.98 mg/dl for 15 min, 19.47 mg/dl for
30 min and 28.40 mg/dl for 45 min prediction horizon. Theil’s U coefficient was 0.12 for 15 min, 0.39 for
30 min and 0.72 for 45 min prediction horizon. Autoregressive Integrated Moving Average (ARIMA) Algorithm gave the best performance evaluation results with RMSE of 7.07 mg/dl for 15 min with a MAPE of 3.98.
The performance results were on par when these algorithms were tested on Ohio T1DM dataset. ARIMA
Algorithm gave the best performance evaluation results with RMSE of 13.14 mg/dl for 15 min with a MAPE of
8.213. The difference in the error coefficient for Ohio dataset was due to missing data.
Keywords. ARIMA; data-driven models; overlapping walk forward validation window; R; RMSE; Theil’s U;
time series forecasting.

1. Introduction
Diabetes occurs when our body cannot make or effectively
use its own insulin, a hormone made by special cells in the
pancreas called as islets. Insulin plays a key factor for blood
glucose control. There are four different types of diabetes
[1, 2].
• Type 1 Diabetes (T1DM): It is a chronic condition in
which pancreas produces little or no insulin
• Type 2 Diabetes (T2DM): It is a chronic condition that
affects the way the body processes blood sugar.
*For correspondence

• Prediabetes: A condition in which blood sugar is high,
but not high enough to be treated as type 2 diabetes.
• Gestational diabetes: A form of blood sugar affecting
pregnant women.
In most of the cases a long-time diabetic patient needs
exogenous insulin by means of injection or an insulin
pump. Also it has been learnt that tight glycaemic control
prevents a patient from acute complications like hypoglycaemia, nephropathy, retinopathy and various other multichronic complications.
A person is said to be in hypoglycaemia state when the
glucose level is below 70 mg/dl. Hypoglycaemia can cause
immediate symptoms of weakness, confusion, dizziness,
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sweating, shaking, and, if not treated in time, seizures,
coma or death. If it is above 200 mg/dl 2 h after eating or
greater than 126 mg/dl when fasting, the person is said to
be in a hyperglycaemia state. Hyperglycaemia can lead to
long-term complications including blindness, amputations,
kidney failure, strokes and heart attacks [3, 4].
Hence the objective is to not only forecast hypoglycaemia or hyperglycaemia events but also to forecast several episodes of these fluctuations, which if neglected will
lead to death of the patient. In the next section we focus on
related work carried out in effective diabetes management
using machine learning. In this paper we have focused on
univariate data-driven time series model to forecast glucose
concentration in blood wherein the input data to the time
series machine learning algorithms is only the previous data
points of blood glucose concentration.

2. Literature survey
Maintaining blood glucose level within the permissible limits
is an effortful task. Especially type 1 diabetic patients need to
monitor the blood glucose level on a regular basis and must
receive timely palliative treatment if alerted with hypoglycaemic or hyperglycaemic states. Since real-time monitoring
of blood glucose levels results in time-stamped data, we use
time-series-based forecasting method within data science to
forecast blood glucose values. Hence we have done a literature survey on time-series-based forecasting techniques of
different data-driven models, though they are various other
methods like physiological models and hybrid models that
can also be used for diabetes mellitus management.
The data-driven models require blood glucose data and may
also take other inputs like insulin therapy and carbohydrate
content among many other inputs. These models are often
supported by machine learning techniques using various
approaches like time series models, genetic approaches,
grammatical evolution, fuzzy logic models, reinforcement
learning, random forest, Kalman filters, support vector models
and artificial neural network (ANN) and many others to list.
Hence there is no single technique that is adopted for a datadriven model, due to which researchers are still experimenting
on this vast pool of different machine learning techniques.
This gives opportunity for many researchers to constantly
work in this field and enhance the prediction capability and its
accuracy. Time series modelling approaches based on autoregression (AR) and auto-regressive with moving average
(ARMA) models determine future glucose concentration as a
linear function of previous glucose measurements only, which
are also called as univariate glucose prediction models, while
other approaches like ARIMAX and ANN support considering additional inputs such as insulin injected or meal information through exogenous signals, which are called as
multivariate glucose prediction models.
In [5], the authors have considered AR model for glucose
kinetics with 9 patients with type 1 diabetes using an Isense
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continuous glucose monitoring (CGM) system. The model
was evaluated for 5 days. The prediction horizon (PH) was
up to 50 min. The goodness of model was based on root
mean squared error (RMSE) value obtained. The result
suggests that for open-loop glucose monitoring system
there is no need of considering exogenous inputs such as
meal and insulin intake. The RMSE value was 3 mg/dl up
to a PH of 25 min.
In [6], the authors have considered a time-varying AR
model for glucose kinetics, meal and insulin action for 30
patients with type 1 diabetes. The model was evaluated for a
day. The PH was up to 30 min. The goodness of model was
based on coefficient of determination R2, FIT and RAD. The
R2 value ranged from 0.81 to 0.99, FIT value ranged from
43.88% to 90.28% and RAD value ranged from 1.69% to
8.58% in the paper, where FIT is 100% for best prediction and
less than zero for poor predictable model.
In [7], the authors have used real-time clinical decision
support system (RT-CDSS). This is a computer tool, which
broadly covers autonomous and semiautonomous tasks
ranging from diagnosis, analysis and classification to
computer-aided reasoning on choosing some appropriate
medical care or treatment. Hence, it is a decision tree
wherein the authors have used stream mining algorithm for
classifiers. This accurately maps the events input to the
system into one of the several predefined classes of
assessments so that it can exercise remedies to the clinicians. They used different classifiers like Very Fast Decision Tree (VFDT), Incrementally Optimized Very Fast
Decision Tree (IOVFDT), Bayes and Perceptron (classical
implementation of ANN). Based on accuracy test, Kappa
statistics, ROC curve with AUC, F score, precision and
recall tests, the classifiers VFDT and IOVFDT were
declared better candidates for PH of several hours.
In [8], the authors have presented the Hypoglycaemia
Prediction Algorithm (HPA), which detects hypoglycaemia
event and suspends the basal insulin delivery since, 55% of
time, hypoglycaemia event occurs during sleep. For a PH of
35 min, a CGM sensor that collects data for every minute
was implemented on 5 algorithms. Here, 5 voting algorithms and threshold alarm will send an alarm for hypoglycaemia event so that insulin delivery will be suspended
before a projected hypo-event. Hence, HPA in this paper
proposes the tuning of insulin delivery resulting in tighter
glycaemic control. The 5 different voting algorithms used
were Linear projection, Kalman filtering, Hybrid infinite
impulse response filtering, Statistical prediction and
Numerical logical algorithms.
In [9], authors have used AR and Gaussian Mixture
Model (GMM) to predict glucose for short-term prediction
[10–30 min]. Here the authors have considered 12 and 24 h
and last available glucose measurement as inputs for the
algorithms. The AR model behaved well for 10 min prediction, while the GMM behaved well for 20 and 30 min
prediction. Hence, GMM outperformed AR as the prediction window increased.
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In [10], authors have proposed a universal glucose model
for predicting subcutaneous glucose concentration. Here
data from one diabetic subject is used to build a model and
this model is in turn used to predict glucose concentration
for other subjects, even with different types of diabetes. The
same subject model was compared against cross subject
model and cross study model with respect to RMSE and
Clarke grid analysis. Here, the predictive model was not
affected by the age, diabetes type and CGM sensor. Hence,
this paper showed the possibility of developing a universal
glucose model using AR method.
In [11], authors have proposed a multi-model data fusion
to improve alarm system for hypoglycaemia warning. Since
hypoglycaemia prediction helps in carbohydrate intake or
insulin suspension as well, hyperglycaemia prediction helps
in additional insulin or physical activity to prevent the onset
of the event. This paper does the data amalgamation for both
hypo- and hyperglycaemia prediction and also provides
scope for less-false alarms. The prediction models used
were AR with output correction and a Recurrent Neural
Network. The data fusion methods used were Dempster–
Shafer Evidence Theory (DST) and on evolutionary programming [Genetic Algorithm (GA) and Genetic Programming (GP)]. The performances of these fusion schemes
were then evaluated based on RMSE, time lag and correlation coefficient for PH of 15, 30 and 45 min. GA and GP
fusion scheme outperformed in this paper and was concluded to be a useful tool for hypoglycaemic unawareness.
In [12], authors proposed a Universal AR Model, which
was then used on other patients. Here, Kalman filtering is
used to smooth the testing data. RMSE is measured for PH
of 10 and 20 min.
In [13], authors have used two separate patient databases
collected under hospitalized (disturbance-free) and normal
daily life conditions using CGM sensor at every 5 min
interval. The time series model was integrated with recursive identification and change detection methods to enable
dynamic adaptation of the model to inter-/intra-subject
variability and glycaemic disturbances. Prediction performance is evaluated in terms of glucose prediction error and
Clarke error grid analysis (CG-EGA). CG-EGA analysis
results in accurate readings of 90% or more.
Considering the limitations of the listed works for this
paper the authors have employed univariate time series
data-driven machine learning model to forecast glucose
concentration using only the previous glucose readings as
input to the model and thus enable short-term glucose
forecasting to achieve tight glycaemic control.
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small (5 mm long, 0.4 mm wide) filament that is inserted
just under the skin by a doctor. The sensor is disposable and
is held in place with a self-adhesive pad and remains on the
back of the arm for up to 14 days, requiring no patient
interaction with the sensor or finger-prick calibration. It
records glucose levels every 15 min, capturing up to 1340
glucose readings over 14 days. Figure 1 shows the Abbot
Libre Pro sensor and reader [14].
The AGP provides a systematic approach to interpreting
dense glucose data from glucose monitoring systems. AGP
provides more certainty with regard to interpreting trends
over time [15]. As shown in figure 2, the AGP graph gives
the daily average reading. In this case the daily average
reading is measured to be 109 mg/dl. The time during which
the glucose crosses the target range of (above 140 mg/dl and
below 80 mg/dl) hyper- and hypo-range is recorded.
The report also provides a daily glucose analysis as
shown in figure 3.
On a daily basis the average glucose reading is recorded
and the percentage of time the data is within the target, in
hypoglycaemic state and hyperglycaemic state, is recorded,
providing the medical team enough information for diagnosis; 15 days worth of data of 10 patients was collected for
this CGM sensor, which recorded the data for every 15 min.
Dataset B: Medtronic CGM sensor dataset collected from
Ohio University is obtained using a Minimed Enlite glucose
sensor (figure 4), which continuously measures glucose
from interstitial fluid [16].
Data of 6 patients with type 1 diabetes were collected,
which recorded the data for every 5 min. All data contributors were between 40 and 60 years of age at the time of
the data collection. Two were male, and four were female.
All were on insulin pump therapy with CGM. They wore
Medtronic 530G insulin pumps and used throughout the
8-week data collection period.

4. Data preparation methodology
The CGM sensor datasets were pre-processed so as to
extract only the blood glucose concentration readings and
their corresponding timestamps.

3. CGM sensors and the dataset
Dataset A: Libre Pro CGM sensor dataset collected from
‘‘Jnana Sanjeevini, Bangalore’’ is obtained using an
Abbott’s Flash Glucose Monitoring (AGP) System, which
continuously measures glucose in interstitial fluid through a

Figure 1. Abbot Libre Pro sensor and reader.
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Figure 2. Snapshot of Libre Pro AGP graph. (Courtesy: Jnana Sanjeevini Diabetes Hospital and Medical Center, Bangalore).

Figure 3. Daily glucose summary.

• The recent data is copied for any data loss
occurring on the day 1 reading.
• Corresponding previous day time stamps glucose
value is copied for any data loss occurring on day
2 onwards.
• If consecutive data is missing, moving average is
performed to account for data loss.
Hence, in data pre-processing, to account for data loss in
the available datasets these described data interpolation
methods were performed.
Figure 4. Medtronic Elite CGM sensor.

• Dataset A: The dataset of Libre Pro CGM sensor from
Jnana Sanjeevini, had data point for every 15 min with
no missing data in its dataset. Hence it was retained as
obtained.
• Dataset B: The dataset of Medtronics from Ohio
University had data points for every 5 min with many
missing data, resulting in data loss. To counter the data
loss, interpolation of data was performed using any one
of the following methods:

5. Time series model
In this section, time series machine learning algorithms
within data science implemented to forecast blood glucose
levels on a continuous time basis are discussed. The datasets used are from the Libre Pro CGM and Medtronic elite
CGM sensors. The algorithms discussed are implemented
on
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• 10 different type 1 diabetic patient datasets consisting
of 10 days reading. The blood glucose level is
measured every 15 min once, hence giving us 960
reading per patient. The total dataset consists of 9600
readings. The readings are verified and taken from
‘‘Jnana Sanjeevini Diabetes Hospital and Medical
Center’’, Bangalore.
• 6 different type 1 diabetic patient datasets consisting of
8 weeks reading. The blood glucose level is measured
every 15 min once, hence giving us 5760 reading per
patient. The total dataset consists of 34560 readings.
The readings are verified and taken from ‘‘Ohio
University T1DM dataset’’.
A block diagram of time series machine learning algorithm implementation is shown in figure 5.
The block diagram depicts model implementation. Initially we acquire the data. It is necessary to obtain a sufficient set of verified datasets related to the problem. Next
we pre-process the data using R Software, limiting the
glucose reading to 10 days for Jnana Sanjeevini dataset and
8 weeks for Ohio University dataset. During implementation, the time series machine learning models are built and
tested for various performance metrics. If required, the
tuning parameters are varied and tested again on an iterative basis to obtain optimized tuning parameters specific to
the algorithm. Later, we compare the various algorithms
implemented and the algorithm for which satisfactory
results are obtained over the entire dataset of 9600 readings
and 34560 readings of respective dataset, which is finalized
and accepted. The next section details out the cross-validation method used to create subsets of the entire dataset of
individual patients.

6. Overlapping Forward Window Rolling
Technique
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machine learning, do not work for time series data. The
reason for this is that the temporal characteristic of data is
ignored [17].
The suitable time series predictor evaluation methods
used are
• train window–test window,
• multiple train–test windows,
• Overlapping Forward Window Rolling Technique
[18].
In this paper, Overlapping Forward Window Rolling
Method is used to forecast at every time step. This method,
as shown in figure 6, consists of a moving window of
defined length. Each moving window consists of
• training window: which contains actual data,
• testing window: which contains forecasted data,
• validation window: this is the actual hidden data which
is compared with the forecasted data obtained for
performance evaluation.
Because an overlapping moving window is used to train
the model, the author prefers to call this method as Overlapping Forward Window Rolling Technique (OFRT).
Here we consider a window size of 12 h (48 data points),
wherein
• 47: 1 is train window: test window for one-step ahead
prediction (15 min PH),
• 46: 2 is train window: test window for two-step ahead
prediction, (30 min PH).
• 45: 3 is train window: test window for three-step ahead
prediction (45 min PH).
The average of each performance metric result obtained
during performance evaluation is considered for the final
analysis. Multiple train–test series are evaluated for N iterations of the entire time series.
The common prediction accuracy measures are

The goal of time series forecasting is to obtain accurate
predicted values beforehand. The traditional methods, such
as train–test splits and k-fold cross-validation used in

Figure 5. Time series forecasting model implementation block
diagram.

Figure 6. Overlapping Forward Window Rolling Technique.
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Þ
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forecast error,
RMSE,
mean absolute error (MAE),
mean absolute percentage error (MAPE),
Theil’s U statistic [19, 20].

ð6Þ

where

Brief explanation of each of the performance metrics and
clinical analysis is presented in the next subsection.

FPEtþ1 ¼

Ftþ1  Yt
:
Yt

ð7Þ

FPEt?1 is forecast relative change.

A. Performance metrics
The forecast error (residual) for time period t, denoted by
et, is defined as the difference between the actual value (yt)
and forecast value (ft) at time t:
et ¼ yt ft :

ð1Þ

A few popular measures of prediction accuracy are the
following:
• MAE or MAD (mean absolute error/deviation)
MAE ¼

v
1X
jetj:
v t¼1

ð2Þ

This gives the magnitude of the average absolute error.

APEtþ1 ¼

Ytþ1  Yt
:
Yt

ð8Þ

APEt?1 is actual relative change.
If
• U is equal to 1, it means that the proposed model is as
good as the naı̈ve model.
• U is greater than 1, there is no point in using the
proposed forecasting model since a naı̈ve method
would produce better results.
• U is smaller than 1, it indicates that the proposed
model gives more accurate forecasts than a naı̈ve
model [21].

• Average error
v
1X
e:
AE ¼
v t¼1 t

B. Clarke EGA
ð3Þ

This measure is similar to MAD except that it retains the
sign of the errors, so that negative errors cancel out positive
errors of the same magnitude. It hence gives an indication of
whether the forecasts are on average over- or underpredicting.
• MAPE (mean absolute percentage error)
v  
1X
et   100:
MAPE ¼
v t¼1 yt 

ð4Þ

This measure gives the percentage score of how forecasts
deviate from actual values. It is useful for comparing performance across series of data that have different scales.

The EGA was developed in 1987 to quantify clinical
accuracy of patient estimates of their current blood glucose
as compared to the blood glucose value obtained in their
meter [22].
The grid breaks down a scatterplot of a reference glucose
meter and an evaluated glucose meter into five regions as
shown in figure 7:
• Region A has those values within 20% of the reference
sensor,
• Region B contains points that are outside of 20% but
would not lead to inappropriate treatment,
• Region C has those points leading to unnecessary
treatment,

• RMSE
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
v
1X
RMSE ¼
e2 :
v t¼1 t

ð5Þ

RMSE is a widely used performance metric as it heavily
penalizes bad forecasting. This measure has the same unit
as that of the data series.
• Theil’s U statistic
The Theil’s U statistic was developed by Theil in 1996. It
can be interpreted as dividing the RMSE of the proposed
forecasting method by the RMSE of a naı̈ve model. Theil’s
U statistic is given as follows:

Figure 7. Clarke grid error analysis zones.
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• Region D are those points indicating a potentially
dangerous failure to detect hypoglycaemia or hyperglycaemia and
• Region E has those points that would confuse
treatment of hypoglycaemia for hyperglycaemia and
vice versa.
The forecast algorithms implemented are discussed in the
next section.

7. Data-driven time series forecast algorithms
for blood glucose level prediction

Figure 8. EGA plot of Naive Algorithm for PH = 15 min.

The various time series forecast algorithms implemented
and tested are as follows [23–25]:
A. Naı̈ve Algorithm

Table 2. Performance metrics for simple MA.

Naı̈ve Algorithm is a forecasting method, which is a
data-driven approach in which the last glucose reading in
the train window will be replicated as the forecasted
reading in the entire test window. The forecast value is the
latest value in the train window described by the following
equation:
Y^tþk ¼ Yt :

ð9Þ

The performance metric obtained using Naı̈ve Algorithm
for a PH of 15, 30 and 45 min is as listed in table 1 for the
two CGM sensors.
As seen in table 1, forecasted values for a PH of 15 min
is more accurate since it has obtained a least RMSE of
10.03 and 14.90 mg/dl. Naı̈ve Algorithm is used as a
benchmark to compare other sophisticated time series
algorithms keeping Theil’s U factor as reference.
It is seen from figure 8 that the scatter of data is spread
across A, B and D zones here.
B. Moving Average Algorithm
They are popular flexible methods for forecasting time
series that rely on smoothing. Smoothing is based on
averaging values over multiple periods. In simple Moving
Average (MA) Algorithm, authors consider the latest 4
readings from the training window and its average is taken
Table 1. Performance metrics for Naı̈ve Algorithm.
PH

RMSE (mg/dl)

ME

Case A: Libre Pro Dataset A (Naive method)
15
10.03
- 0.020
30
14.91
- 0.035
45
19.05
- 0.044
Case B: Medtronic Dataset B (Naive method)
15
14.90
0.002
30
20.92
0.0038
45
26.15
0.0102

MAE

MAPE

7.43
10.64
13.48

5.62
8.12
10.36

9.56
13.40
16.80

6.63
9.32
11.74

PH

RMSE (mg/dl)

ME

MAE

Case A: Libre Pro Dataset A (MA method)
15
18.09
0.78
13.86
30
21.01
1.35
16.11
45
24.53
2.16
18.75
Case B: Medtronic Dataset B (MA method)
15
20.21
0.53
8.38
30
33.42
0.25
14.30
45
36.23
1.06
16.03

MAPE

U

10.76
12.55
14.49

0.29
0.44
0.57

8.38
14.30
16.03

0.36
0.52
0.76

as the forecasted value. The MA for an order 4 is computed
as follows:
1
Y^t ¼ ðYt1 þ Yt2 þ Yt3 þ Yt4 Þ:
4

ð10Þ

As this process is repeated, every time the average is
computed by neglecting the oldest data and considering the
next latest data, thereby moving smoothly throughout the
entire dataset. The performance metric obtained using
Simple MA Algorithm for a PH of 15, 30 and 45 min is as
listed in table 2.
As per Theil’s U statistics, since the value of U is less
than 1, the simple MA technique is better than Naı̈ve. The
least RMSE of 18.09 and 20.21 mg/dl is obtained for PH of
15 min. The error parameters obtained for Medtronic
dataset are more since it had missing data, which were
replaced by various ways. The plot of forecasted versus
actual reading for PH of 15 min is as shown in figure 9.
From figure 9 it can be observed that for a PH of 15 min,
the predicted values closely follow the actual values and as
the PH increases the predicted values are not close to the
actual. The MA Algorithm tends to smoothen the dataset,
by removing randomness in data.
Figure 10a indicates that for 15 min PH, there is correlation between forecasted and actual values. However,
when errors, i.e. actual minus predicted values, are plotted
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(Yt - Ft) represents error between the forecasted and
observed values; a is a constant that lies between 0 and 1.
A weight of a is applied on the latest observed value of
Yt, and weight of (1 - a) is applied on the previous forecasted value of Ft. If the error is added to the previous Ft
then it is called as ‘‘Additive Error’’ and if it is multiplied it
is termed as ‘‘Multiplicative Error’’. The equation used for
multiplicative error is as follows:

Figure 9. Actual and predicted values for PH of 15 min.

Ftþ1 ¼ Ft ð1 þ aeðtÞÞ
e ðt Þ ¼

against the predicted values, it is observed that the error is
not symmetrically distributed as in figure 10b, which
indicates that there is need for improvement.
C. Exponential smoothing algorithms
Another popular smoothing forecasting method is exponential smoothing. Exponential smoothing is similar to
forecasting with MA, except that instead of taking simple
average over w most recent values, it takes weighted
average of all the past values, so that the weights decrease
exponentially in the past. The idea is to give more weight to
recent information, yet not completely ignore older
information.
Simple exponential smoothing is applied only to data
series that have no trend and seasonality. Such series can be
obtained by removing trend/seasonality from raw series and
then applying exponential smoothing to the series of
residuals, which are assumed to have no trend or seasonality. The smoothing parameter is a.
The exponential smoother generates a forecast at time
t ? 1 ðFtþ1 Þ as follows:
Ftþ1 ¼ Ft þ aðYt  Ft Þ

ð11Þ

yðtÞ  Fd
ðt Þ
:
d
F ðt Þ

ð12Þ
ð13Þ

Holt’s linear exponential smoothing: Holt extended
simple exponential smoothing to linear exponential
smoothing to allow forecasting of data with trends. The
smoothing parameters are a and b (with values between 0
and 1). The three equations are
Lt ¼ aYt þ ð1aÞðLt1 þ bt1 Þ

ð14Þ

bt ¼ bðLt Lt1 Þ þ ð1bÞbt1

ð15Þ

Ftþm ¼ Lt þ bt m

ð16Þ

where Lt denotes an estimate of the level of the series at
time t, bt denotes an estimate of the slope of the series at
time t and m denotes forecasts for m periods ahead.
Holt–Winters trend and seasonality method: This is
another extension to allow forecasting of data that has
seasonality in its series. It is based on three exponential
smoothing equations—one for level, one for trend and one
for seasonality. Seasonality can be modelled in additive or
multiplicative way.
Hence the seasonality equation and forecast equations
are

where Ft?1 is the new forecast value, Ft is the previous
forecasted value and Yt is the actual observed data.

Figure 10. Moving average cluster plot.

St ¼ c

Yt
þ ð1 cÞSts
Lt

ð17Þ
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Ftþm ¼ ðLt þ bt mÞSts þ m

ð18Þ

where S is the length of seasonality, Lt represents the level
of the series, bt denotes the trend, St is the seasonal component and Ft?m is the forecast for m periods ahead.
In R, forecasting exponential smoothing can be done
with ets function, which stands for error, trend and seasonality available in forecast package (table 3).
i. The simple exponential model with ANN
The ets framework has a model with additive error (A),
no trend (N) and no seasonality (N). In ets function we set
the model as ‘‘ANN’’ in order to fit this model.
The datasets considered for this model are from Libre
Pro CGM sensor. The time series is forecasted for PH of 15,
30 and 45 min and the performance metrics are tabulated as
in table 4.
As per Theil’s U statistics, since the value of U is less
than 1, the SES technique is better than Naı̈ve. The least
RMSE of 9.08 mg/dl is obtained for PH of 15 min. As a
increases from 0 to 1, the effect of smoothing in forecast
increases.
Table 3. Possible exponential smoothing modes in R, where Z
can be set to A or M, corresponding to additive or multiplicative
error, respectively. (Courtesy: Rob Hyndman’s forecasting methods and applications).
Seasonality
Trend

None

None
Additive
Multiplicative

ZNN
ZAN
ZMN

Additive
ZNA
ZAA
ZMA

Multiplicative
ZNM
ZAM
ZMM

Table 4. Performance metrics of ANN.
PH

RMSE (mg/dl)

ME

MAE

Case A: Libre Pro Dataset A (ANN method)
a = 0.1
15
31.16
1.56
24.66
30
35.83
1.97
28.48
45
40.19
2.09
31.99
a = 0.2
15
23.96
1.53
18.89
30
30.77
2.12
24.29
45
36.83
2.49
29.19
a = 0.3
15
19.42
1.19
15.13
30
27.49
1.89
21.62
45
34.45
2.45
27.37
a = optimal
15
9.08
0.14
6.81
30
20.24
0.56
15.02
45
28.40
1.27
22.10
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The plot of actual versus forecasted reading for PH of
15 min is shown in figure 11.
Figure 11a indicates that for 15 min PH, there is correlation between forecasted and actual values. The error plot
in figure 11b is symmetrically distributed, but still the Yaxis is unbalanced, which indicates that there is need for
improvement.
The graph of a variation with respect to RMSE, in order
to obtain the optimal value, is as shown in figure 12.
As seen from the graph shown in figure 12, the minimal
RMSE is obtained for a of 0.99. Hence this is taken as the
optimal value.
ii. The simple exponential model with MNN
The ets framework has a model with multiplicative error
(M), no trend (N) and no seasonality (N). In ets function we
set the model as ‘‘MNN’’ in order to fit this model. The
dataset considered for this model is from the Libre Pro
CGM sensor. The time series is forecasted for PH of 15, 30
and 45 min.
The dataset considered for this model is from the Libre
Pro CGM sensor. The time series is forecasted for PH of 15,
30 and 45 min and the performance metrics are tabulated as
in table 5.
The plot of actual versus predicted reading for PH of
15 min is shown in figure 13.
Figure 13a indicates that for 15 min PH, there is correlation between forecasted and actual values. The error plot
in figure 13b is symmetrically distributed, and clusters
around the centre. This indicates that MNN has better
performance over MA and ANN algorithms.
The graph of a variation with respect to RMSE, in order
to obtain the optimal value, is as shown in figure 14.
As seen from the graph shown in figure 14, the minimal
RMSE is obtained for a of 0.99. Hence this is taken as the
optimal value.
iii. The advanced exponential model with AAN

MAPE

U

17.73
20.51
23.14

0.63
0.94
1.25

13.87
17.87
21.57

0.42
0.68
0.95

11.35
16.72
20.69

0.33
0.59
0.84

5.26
12.02
17.63

0.15
0.46
0.72

As mentioned earlier, both MA and simple exponential
smoothing forecast series with no trend and seasonality.
Hence we need to remove trend and seasonality components in a series if any, by means of differencing or using
the Holt and Holt–Winters method.
The ets framework has a model with additive trend. In ets
function we set the model as ‘‘AAN’’ in order to fit this
model.
The dataset considered for this model is from the Libre
Pro CGM sensor and also the Medtronics CGM sensor.
The time series is forecasted for PH of 15, 30 and
45 min and the performance metrics are tabulated as in
table 6.
The plot of forecasted versus actual reading is shown in
figure 15.
Figure 15a indicates that for 15 min PH, there is correlation between forecasted and actual values. The error plot
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Figure 11. ANN cluster plot.

The variation of RMSE for varying a and b value is
shown in figure 16. The optimal value of a and b is taken as
the constant that results in least RMSE.
From the graph, shown in figure 16, it is evident that the
optimal value of a and b is 0.99.
iv. The advanced exponential model with MAN

Figure 12. ANN RMSE plot (a versus RMSE).

Table 5. Performance metrics for SES with MNN.
PH

RMSE (mg/dl)

ME

MAE

Case A: Libre Pro Dataset A (MNN method)
a = 0.1
15
35.94
1.75
28.52
30
31.16
1.56
24.64
45
40.19
2.09
31.99
a = 0.2
15
30.72
2.11
23.51
30
23.96
1.53
18.89
45
36.83
2.49
29.19
a = 0.3
15
27.49
1.89
21.62
30
19.42
1.19
15.13
45
34.45
2.45
27.37
a = optimal
15
9.08
0.14
6.81
30
20.25
0.57
15.20
45
28.40
1.27
22.10

MAPE

U

20.59
17.73
23.14

0.94
0.63
1.25

17.88
13.87
21.53

0.68
0.42
0.95

16.27
11.35
20.65

0.58
0.33
0.83

5.26
12.02
17.63

0.15
0.46
0.72

in figure 15b is symmetrically distributed, and clusters
around the centre. The Y-axis is also balanced, indicating
that AAN has better performance over MA, ANN and
MNN algorithms.

The ets framework has a model with multiplicative error
and additive trend. In ets function we set the model as ‘‘MAN’’
in order to fit this model. The dataset considered for this model
is from the Libre Pro CGM sensor. The time series is forecasted for PH of 15, 30 and 45 min and the performance
metrics tabulated for optimum a and b are as listed in table 7.
The plot of forecasted versus actual reading is shown in
figure 17.
Figure 17a indicates that for 15 min PH, there is a strong
correlation between forecasted and actual values. The error
plot in figure 17b is not symmetrically clustered around the
centre, indicating that AAN has better performance over
MA, ANN, MNN and MAN algorithms.
The graph of RMSE versus a and b value is shown in
figure 18.
The optimal value of a and b is found to be 0.99.
v. The advanced exponential model with AMN and MMN
The performance metric obtained using Holt’s Multiplicative Algorithm (AMN) based on additive error resulted
in unstable performance and could not be captured. It
resulted in unpredicted mean and infinite variance. This is
supported by Hyndman [24, 25].
The ets framework has a model with multiplicative error
and multiplicative trend. In ets function we set the model as
‘‘MMN’’ in order to fit this model. The dataset considered
for this model is from the Libre Pro CGM sensor. The time
series is forecasted for PH of 15, 30 and 45 min and the
performance metrics are tabulated for optimum a and b as
listed in table 8.
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Figure 13. MNN cluster plot.

Table 6. Performance metrics for Holt with AAN.
PH

RMSE (mg/dl)

ME

MAE

MAPE

Case A: Libre Pro Dataset A (Holt-AAN method)
a = 0.99, b = 0.99
15
7.98
- 0.15
5.91
4.57
30
19.47
- .61
14.27
11.91
45
28.40
1.27
22.10
17.63
Case B: Medtronic Dataset B (Holt-AAN method)
15
15.38
- 0.014
9.38
7.31
30
15.50
0.037
9.45
8.11
45
20.21
0.522
12.56
8.38
Figure 14. MNN RMSE plot.

The plot of forecasted versus actual reading is shown in
figure 19.
Figure 19a indicates that, for 15 min PH, there is a
strong correlation between forecasted and actual values.
The error plot in figure 19b is not symmetrically clustered
around the centre, indicating that AAN has better performance over MA, ANN, MNN, MAN and MMN algorithms.
The optimal value of a and b is found to be 0.99.
D. Linear regression model
Linear regression model is a popular method used as a
predictor to capture patterns that are beyond trend and
seasonality. Exponential trend captures an exponential
increase or decrease, while linear trend captures the values
of the series increasing or decreasing linearly in time. For
the linear relationship fit between glucose readings and
time, we set the output variable y as the forecasted glucose
reading and the predictor as the time index t in the
regression model:

y ð t Þ ¼ b 0 þ b1 t þ e

U

0.12
0.39
0.72
0.69
0.795
1.838

ð19Þ

where y(t) is the glucose reading at time point t; b0 , b1 and e
are, respectively, the level, trend and noise component of
time series, which are modelled using R and least-square
estimation (LSE). Seasonality component is not modelled
here.
The performance metric obtained using linear regression
for a PH of 15, 30 and 45 min is as listed in table 9.
As seen from table 9. The R2 value, which is a measure
of accuracy for linear regression, is not close to 1; also the
MAPE value obtained is not less than 10% and RMSE
values obtained are not less than 10 mg/dl, all of which
indicate that linear regression does not give satisfactory
result for the dataset. Also, the P value obtained from
R gave a non-significant value.
The cluster plot of predicted value versus error residual is
shown in figure 20. It can be seen here that the residual
cluster for PH of 15, 30 or 45 min is not spread and also is
unbalanced, indicating that they still carry some information and hence there is a need for improvement. Also, other
form of regression methods gave the same results.
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Figure 15. AAN cluster plot.

Table 7. Performance metrics for Holt’s MAN.
PH

RMSE (mg/dl)

ME

MAE

MAPE

Case A: Libre Pro Dataset A (Holt-MAN method)
a = 0.99, b = 0.99
15
8.08
- .09
5.89
4.61
30
19.63
- .22
14.26
11.53
45
28.83
0.33
22.01
18.62

U

0.12
0.40
0.60

E. Autoregressive integrated moving average (ARIMA)
model
An autoregressive integrated moving average (ARIMA)
model is one that directly models the autocorrelation of the
series values as well as the autocorrelations of the forecast
errors [26]:
y^t ¼ l þ u1 yt1 þ    þ uk ytk  h1 et1  hk etk

Figure 16. AAN RMSE plot.

ð20Þ

where l is the constant term, yt–k is the AR coefficient at lag
k, hk is the MA coefficient at lag k, and etk ¼ ytk  y^tk is
the forecast error that was made at period t - k.
ARIMA is expressed as ARIMA(p,d,q) where p captures
autoregressive part, d captures integrated part and q captures the MA part [27].
The performance metrics obtained by ARIMA model
ARIMA(2,1,0) for PH of 15, 30 and 45 min are as listed in
table 10.
A residual plot for PH value of 15, 30 and 45 min is also
shown in figure 21.
From figure 21 we can infer that residual cluster for PH of
15 min is balanced while the residual cluster of PH for 30 min
and PH for 45 min is spread but unbalanced across x- and yaxis, proving that ARIMA model obtains good result for PH of
15 min but satisfactory result for PH of 30 and 45 min.
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Figure 17. MAN cluster plot.

Table 8. Performance metrics for Holt’s MMN.
PH

RMSE (mg/dl)

ME

MAE

MAPE

Case A: Libre Pro Dataset A (Holt-MMN method)
a = 0.99, b = 0.99
15
8.504
0.36
6.11
4.65
30
20.63
0.87
14.85
11.52
45
31.26
2.11
22.76
18.11

U

0.133
0.41
0.66

Table 9. Performance metrics for linear regression.
PH

RMSE (mg/dl)

MAE

MAPE

Case A: Libre Pro Dataset A (Linear regression)
15
35.52
27.84
25.68
30
41.34
- .61
14.27
45
47.2
1.27
22.10
Case B: Medtronic Dataset B (Linear regression)
15
45.84
33.76
36.68
30
53.27
39.26
53.02
45
60.74
44.80
52.97

Figure 18. MAN RMSE plot.

8. EGA analysis for the models
From all the afore-mentioned tabulations of the performance
metrics, AAN and ARIMA give satisfactory results with
respect to their RMSE, MAPE and residual plot. Hence we
plot the EGA, which is clinical analysis for these models.
From figures 22 and 23 we can infer that since AAN has
its values scattered only in A and B zones, it is a better
algorithm for forecasting glucose values.

R
0.56
0.48
0.4
0.55
0.47
0.4

Table 10. Performance metrics for ARIMA.
PH

RMSE (mg/dl)

Case A: Libre Pro Dataset A (ARIMA)
15
7.07
30
15.89
45
23.29
Case B: Medtronic Dataset B (ARIMA)
15
13.14
30
23.25
45
32.25

MAE

MAPE

5.12
11.58
17.47

3.98
9.37
13.87

7.85
15.11
21.78

8.21
11.47
16.62
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Figure 19. MMN cluster plot.

Figure 20. Residual cluster plots of predicted value versus error for PH of 15, 30 and 45 min.

9. Results and discussion
Table 11 compares all the algorithms implemented for a PH
of 15 min. Optimal alpha and beta values are taken for
exponential smoothing and optimal p, d and q values are
taken for ARIMA.
The comparison table reveals that Holt’s Linear AAN
method results in the least RMSE of 7.98 mg/dl. The
Theil’s U statistic is 0.12, indicating that this is the best
algorithm for glucose value prediction for the Libre Pro
CGM sensors on Dataset A.

Table 12 compares all the algorithms implemented for a
PH of 15 min from Medtronic CGM sensors on Ohio
T1DM Dataset B.
The comparison table reveals that Holt’s Linear AAN
method results in the least RMSE of 15.38 mg/dl. The
Theil’s U statistic is 0.69, indicating that this is the best
algorithm for glucose value prediction for the Medtronic
CGM sensors on Ohio T1DM Dataset B.
The Medtronic sensor performance metrics have higher
MAPE for different algorithms since the datasets obtained
for this sensor have many missing data. The missing data

Sådhanå (2020)45:46
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Table 11. Performance evaluation metrics comparison table on Libre Pro dataset.
Sl. no.

Algorithm

RMSE (mg/dl)

MAE

Case A: Libre Pro Dataset A
(alpha = 0.99, beta = 0.99, p = 2, d = 1, q = 0, PH = 15 min)
1
Naı̈ve
9.08
2
MA
18.09
3
SES-ANN
9.08
4
SES-MNN
20.25
5
Holt-AAN
7.98
6
Holt-AMN
135.91
7
Holt-MAN
8.08
8
Holt-MNN
8.504
9
Linear Regression
35.52
10
ARIMA
7.07

6.82
13.86
6.81
15.20
5.91
131.45
5.89
6.11
27.84
5.12

MAPE

5.26
10.76
5.26
12.02
4.57
?
4.61
4.65
25.68
3.98

U

NA
0.29
0.15
0.46
0.12
NaN
0.12
0.133
NA
NA

Table 12. Performance evaluation metrics comparison table on Medtronic Dataset.
Sl no.

Algorithm

RMSE (mg/dl)

Case B: Medtronic Dataset B
(alpha = 0.99, beta = 0.99, p = 2, d = 1, q = 0, PH = 15 min)
1
Naı̈ve
14.90
2
MA
20.21
3
SES-ANN
22.08
4
SES-MNN
24.25
5
Holt-AAN
15.38
6
Holt-AMN
155.91
7
Holt-MAN
16.08
8
Holt-MNN
18.1
9
Linear Regression
45.84
10
ARIMA
13.14

MAE

9.5685
12.56
15.81
15.20
9.38
161.45
10.89
11.87
33.76
7.85

MAPE

6.635
8.38
15.26
19.02
7.31
?
8.61
8.74
36.68
8.21

Figure 21. Residual cluster plots of predicted versus error for PH of 15, 30 and 45 min.

U

NA
0.36
0.72
0.71
0.69
NaN
0.71
0.78
NA
NA
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datasets. Hence the author recommends ARIMA and Holts
AAN for forecasting blood glucose values on any generic
dataset.

10. Conclusion

Figure 22. AAN applied on Clark error grid.

Figure 23. ARIMA applied on Clarke error grid.

Precise forecasting of upcoming blood glucose level
incessantly prevents the ill effects of fluctuations in blood
glucose. In this paper, time series machine learning algorithm is implemented on Libre Ppro CGM sensor dataset of
10 different patients and Medtronic CGM sensor of Ohio
T1DM dataset of 6 different patients.
On the Libre Pro dataset, Holt’s Linear AAN Algorithm
with alpha and beta of 0.99 provided the least among
exponential smoothing algorithms with RMSE of 7.98 mg/
dl for 15 min, 19.47 mg/dl for 30 min and 28.40 mg/dl
for 45 min PH. The Theil’s U coefficient was 0.12 for
15 min, 0.39 for 30 min and 0.72 for 45 min PH. ARIMA
Algorithm gave the best performance evaluation results
with RMSE of 7.07 mg/dl for 15 min with a MAPE of
3.98.
The performance results were on par, when these algorithms were tested on the Ohio T1DM dataset. ARIMA
Algorithm gave the best performance evaluation results
with RMSE of 13.14 mg/dl for 15 min with a MAPE of
8.213. The difference in the error coefficient for Ohio
dataset was due to the fact of missing data.
Hence the author concludes that AAN Algorithm is the
best suited exponential smoothing algorithm for forecasting
blood glucose level. In ARIMA, the initial procedure for
parameter selection follows a tedious process. However, it
provided the least MAPE when tested on both datasets.
Hence, the author concludes that AAN is an effective
algorithm in predicting blood glucose level in this paper.
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