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a b s t r a c t

This paper investigates a set of genetic programming methods to obtain accurate predictions of
subcutaneous glucose values from diabetic patients. We explore the usefulness of different features
that identify the latent glucose variability. New features, including average glucose, glucose variability
and glycemic risk, are generated as input variables of the genetic programming algorithm in order to
improve the accuracy of the models in the prediction phase. The performance of traditional genetic
programming, and models created with classified glucose values, are compared to those using latent
glucose variability features. We experimented with a set of 18 different features and we also performed
a study of the importance of the variables in the models. The Bayesian statistical analysis shows that
the use of glucose variability as latent variables improved the predictions of the models, not only in
terms of RMSE, but also in the reduction of dangerous predictions, i.e., those predictions that could
lead to wrong decisions in the clinical practice.
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1. Introduction

Diabetes Mellitus (DM) is a chronic disease caused by the
condition when the cells of the pancreas do not produce insulin
or because the insulin does not work properly, i.e., the insulin
is not effective. There are two main types of diabetes: Type 1
(T1DM) and Type 2 (T2DM). DM is of high prevalence in the
population and increases the morbidity and mortality of diabetic
patients, causing sometimes significant complications not only in
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Fig. 1. Flow diagram describing the data collection, preprocessing and division.

the short-term, but also in the long-term [1]. This paper deals
with one of the most important issues faced by the patients
that need the administration of exogenous insulin: the prediction
of glucose levels as a result of an ingestion of food and/or the
administration of some amount of insulin. We propose a new
view focused on identifying glucose patterns and the utilization
of Glucose Variability measures.

One of the factors that has a higher importance in the process
of the prediction is the Glucose Variability (GV) [2], understood
as the oscillations in blood glucose levels at different time scales
such as intra or interday, at nights, postprandial increases, etc.
GV is not necessarily problematic, it also appears in non-diabetic
people as a consequence of the circadian rhythm of the hor-
mones [3]. However, in diabetic patients, an excessive GV could
indicate a bad control of the disease and lead to short-term and
long-term complications [4]. GV also makes the prediction of
glucose levels even more difficult, because the glucose values
become more unpredictable [5].

This paper is an extended version of the work presented in [6],
where a methodology to obtain accurate predictors of glucose
using a three-step process was proposed. We designed a data-
driven modeling approach where data collected from Continuous
Glucose Monitoring (CGM) Systems is used to solve a Symbolic
Regression (SR) problem by means of Genetic Programming (GP).
CGM data includes information of interstitial glucose, injected
units of insulin and ingested carbohydrates quantities. After a
preprocessing step, for filling unknown and error values, data
is divided by time slots in the day and by days of the week.
From the divided dataset, our method seeks for patterns in order
to train customized models for the different glucose profiles or
patterns. In this work we incorporate a set of GV measures that
are obtained from the data.

Ensemble prediction models that take into account both the
classified glucose profiles and the latent glucose variability
(through different measures of glycemic average, GV and
glycemic risk) are obtained using GP.

The main contributions of this work with respect to [6] are:

• We propose the use of several GV measures as new input
features of the modeling engine. We call them Latent Glu-
cose Variability (LGV) features since they are obtained from
the original glucose values.

• We show how taking GV into account can lead to better
predictions.

• We perform a study of the relative importance of the fea-
tures.

• We test the experimental results for statistical validation
with a Bayesian approach.

The rest of the paper is organized as follows. Section 2 briefly
reviews other approaches in the literature and explains the
methodology. The experimental results are shown in Section 3
and conclusions and future work are discussed in Section 4.

2. Methodology

2.1. Related work

A more detailed review of the state of the art can be found
in [6], from which the present paper starts. There, the interested
reader can find a review focused on both GP and its variants and
other approaches [7–19].

Recently, we analyzed four variants of GP to build white-
box models for predicting 30 and 60 minutes ahead. The results
are compared to classical methods including multi-variate linear
regression, random forest, as well as two types of autoregressive
integrated moving average models [20]. In [21] and [22] we
propose a method to obtain accurate forecastings of the subcu-
taneous glucose values from diabetic patients. The time series of
glucose values, measured using CGM Systems, are divided into
4-hour non-overlapping slots and clustered using a technique
based on decision trees called CHi-square Automatic Interaction
Detection (CHAID). The glucose profiles are classified using the
decision variables in order to customize the models for different
profiles. Finally, in [6] GP models created with the traditional
method are compared to those of models created with classified
glucose values. As an extension of the work proposed in [6], in
this paper we include different measures of glycemic average,
variability and risk, to calculate the LGV of the patients, and ap-
plied as input variables of the GP models to improve the accuracy
in the prediction of the glucose values, and study the contribution
of those variables in the makeup of the models.

2.2. Data collection, preprocessing and division

Fig. 1 shows a diagram of the data collection, preprocessing,
and division steps. Data from diabetic patients is collected using
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Table 1
Glucose variability measures used. Measures of glycemic risk can also be
considered as measures of glucose variability.
Measure Acronym

Measures of glycemic average
Arithmetic mean MEAN
Area Under Curve AUC
Area Under Curve below the hypoglycemic limit LAUC
Area Under Curve above the hyperglycemic limit HAUC
Percentage Spent below/above the Target Range PSTR
Low Percentage Spent below the Target Range LPSTR
High Percentage Spent above the Target Range HPSTR
Measures of glucose variability
Standard Deviation SD
Coefficient of percentual Variation CV
Continuous Overall Net Glycemic Action CONGA
J Index JI
Lability Index LI
Mean Amplitude of Glycemic Excursions MAGE
Glycemic Excursions GE
Low Mean Amplitude of Glycemic Excursions LMAGE
High Mean Amplitude of Glycemic Excursions HMAGE
M Value MV
Measures of glycemic risk
Average Daily Risk Range ADDR

CGM Systems and insulin injection devices. Glucose measure-
ments are recorded every 5 to 15 min with the annotation of
intakes and carbohydrate estimates, as well as the insulin doses
injected either manually by the patient or by the device. As
Fig. 1 shows, this process can be extended to incorporate infor-
mation from other devices, such as smartwatches, smartphones
or different types of insulin pumps.

Glucose missing data is filled performing a correction of the
values using segmented spline interpolation of degree 3, where
the maximum number of consecutive missing values to be filled
is one hour [23]. In the case of insulin doses, a function to simu-
late the plasma insulin dynamics after subcutaneous injection of
insulin based on Berger model is used [24].

Once the data is curated, organized and synchronized by
timestamps, a set of additional features are generated based on
different measures of GV. The usual way of measuring GV is the
HbA1c level, which, roughly speaking, indicates the percentage
of blood red cells with glucose adhered to them, during the last
three months. In addition to the HbA1c level, there are different
measures of glycemic averages such as MEAN (Arithmetic mean),
or PSTR (Percentage of time Spent in the Target Range2) [25],
among others, and numerous measures that have been developed
to evaluate the GV, including SD (Standard Deviation) and its
sub-types [26] SDT (all days and all data points), SDw (between
points within days), SDws (within series), SDhh:mm (any time of
day for all days), SDbhh:mm (between days within time points), etc
..., CV (Coefficient of percentual Variation), CONGA (Continuous
Overall Net Glycemic Action) [27], JI (J index) [25], LI (Lability
Index) [28], MAGE (Mean Amplitude of Glycemic Excursions) [29],
MODD (Mean Of Daily Difference) [30], MV (M Value) [31], ADRR
(Average Daily Risk Range) [32], BGI (Blood Glucose Index) [32],
IQR (Interquartile Range) [26], GRADE (Glycemic Risk Assessment
Diabetes Equation) [33], IGC (Index of Glycemic Control) [34],
MAD (Mean Absolute Difference) [25], MAG (Mean Absolute Glu-
cose) [25], HYPO score [28], GOLD score [35], Clarke score [35],
and Pedersen-Bjergaard score [35]. Due to the large number of
measures that exist and the high degree of correlation among

2 The Target Range of glucose is usually defined as [70, 180] mg/dl, consid-
ering the values within the range as not harmful situations for the patient. A
standard measure of the quality of the glucose control is the Time in Range,
defined as the percentage of the time that the glucose levels are in the Target
range.

Table 2
Codes for the variables day of the week and time
slot.
Day of the week Identifier

Monday M
Tuesday T
Wednesday W
Thursday R
Friday F
Saturday S
Sunday U

Time slot Identifier

00:00 h–04:00 h 0
04:00 h–08:00 h 1
08:00 h–12:00 h 2
12:00 h–16:00 h 3
16:00 h–20:00 h 4
20:00 h–24:00 h 5

some of them, it is difficult to determine which one is the most
appropriate [36].

As we mentioned in Section 1, we investigate if taking into
account GV could improve the prediction of the models obtained
with GP algorithms. For this purpose we calculate different av-
erage measures of glycemia, measures of GV and measures of
glycemic risk, named as Latent Variables (LV), that are used as
additional input variables for the training step. We experimented
with the 18 measures reported in Table 1. One of the advantages
of GP is that if there is correlation between two variables, models
include only the most important one. To check that, we also
performed a study of the importance of the GV in the models. All
measurements are calculated using 4-hour non-overlapping slots.

For AUC and PSTR the values below/above the limits of hy-
poglycemia and hyperglycemia are 70 [mg/dl] and 180 [mg/dl],
respectively. CONGA is calculated for 1 h, metabolic control for
LI of 1 h, MAGE uses 0.5 times the standard deviation, and MV,
the ideal glucose, is fixed to 120 [mg/dl]. All the necessary values
were selected based on medical literature [31,37].

After all the LV have been generated, data is divided according
to criteria that create different glucose profiles. The division pro-
cess splits data by days of the week and 4-hour non-overlapping
time slots. Hence, there are seven categories for the variable
day of the week and six categories for the variable time slot.
The categories of the variables are represented by letters and
numbers, as shown in Table 2. These criteria permit a direct
selection of the adequate model in the prediction phase. Knowing
the day and hour of the prediction time, we can select the profile
and consequently the predictor to apply in each situation.

2.3. Data clustering

In our previous works we applied CHAID clustering algorithm
to obtain glucose profiles and to train specific models on each
profile. Each cluster includes all the glucose data assigned to each
profile. In this paper we follow the same procedure, CHAID is
applied to divide the data in relation to the days of the week and
time slots.

CHAID was applied with IBM SPSS predictive analysis software
version 23.0 [38]. For the construction of the decision trees, we
use a maximum tree depth of 3, a minimum number of cases in
the parent node of 100, and a minimum of 50 cases in the child
node. Once the classification is obtained, the groups of glucose
values are selected as training datasets.

3
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Fig. 2. Flow diagram describing the data clustering and models training. For N clusters found in the classification process, N predictors are generated.

2.4. Models training

Fig. 2 represents the diagram of the modeling process. First,
a data augmentation algorithm [39] that generates synthetic glu-
cose time series is used in training datasets to develop meaningful
information as well as significantly enhance data quality. Next,
models based on GP evolutionary algorithms are created us-
ing cross-validation. GP is implemented using the open-source
software HeuristicLab version 3.3.15 [40].

We tackle the problem as a SR problem. Models based on GP
are generated using time series of glucose, insulin, carbohydrates,
GV measures (see Section 2.2) and a set of historical and future
features generated by averaging (function mean in equations)
and aggregating (function agg in equations) in periods of time
calculated using Eqs. (1)–(3), where G is glucose, I represents
insulin, and C carbohydrates:

mean(G, t, range) =

∑
t∈range(Xt )

n
, range ∈ [t1, . . . , tn] (1)

agg(I, t, range) =

∑
t∈range

(It ), range ∈ [t1, . . . , tn] (2)

agg(C, t, range) =

∑
t∈range

(Ct ), range ∈ [t1, . . . , tn] (3)

For each time step t , the set of features F (t) (Eq. (4)) that
includes historical values Fhis(X, t), future values Ffut (X, t), and LV
of GV Flv(G, t, 240), are generated (being X: glucose G, insulin I ,
or carbohydrates C):
F (t) = Fhis(G, t) ∪ Fhis(I, t) ∪ Fhis(C, t)∪

Ffut (I, t) ∪ Ffut (C, t) ∪ Flv(G, t) ∪ {G, I, C}
(4)

Fhis(G, t) = {mean(G, t, [ti, t+1])},
Fhis(I, t) = {agg(I, t, [ti, t+1])},

Fhis(C, t) = {agg(C, t, [ti, t+1])},
ti ∈ { − 240, −210, −180, −150, −120, −90,

−75, −60, −45, −30, −15, 0}

(5)

Ffut (I, t) = {agg(I, t, [ti, t+1])},
Ffut (C, t) = {agg(C, t, [ti, t+1])},

ti ∈ {0, 15, 30, 45, 60, 75, 90, 105, 120}
(6)

Flv(G, t, 240) = {mean(G, t, 240), auc(G, t, 240), lauc(G, t, 240),
hauc(G, t, 240), pstr(G, t, 240), lpstr(G, t, 240),

hpstr(G, t, 240), sd(G, t, 240), cv(G, t, 240),
conga(G, t, 240), ji(G, t, 240), li(G, t, 240),

mage(G, t, 240), ge(G, t, 240), lmage(G, t, 240),
hmage(G, t, 240),mv(G, t, 240), adrr(G, t, 240)}

(7)

All the selected parameters of the GP models are the same as
those used in [6]. The best model of the 10 repetitions is selected
using the Akaike Information Criterion (AIC) [41] following the
same process described in [6].

3. Experimental results

In this research, four different GP variants were compared
using Parkes error grid [42] to evaluate the accuracy of the
predictions for each time horizon. Furthermore, a deeper analysis
for statistical significance was performed using a Kernel Density
Estimation (KDE), the Nemenyi test [43] and the Bayesian model
based on the Plackett–Luce distribution over rankings to analyze
multiple algorithms in multiple problems [44]. The algorithms
are named as follows:

• GP: It corresponds to previous approaches, where neither
classified glucose values nor LV are used, and therefore no
clustering algorithm is applied. Historical and future values
are used as input variables. This is the baseline method.

• CHAID-GP: Profiled GP models are trained after a clustering
phase. It uses the historical and future values but it does not
make use of the LV. This is the approach applied in [6].

• LV-GP: This algorithm uses the historical and future val-
ues and also the LV as input variables of the models (a
contribution of this paper).

• LV-CHAID-GP: Here, the historical and future values and
the LV are considered as input variables for the models.
Clustering with CHAID is also applied (a contribution of this
paper).

4



S. Contador, J.M. Velasco, O. Garnica et al. Applied Soft Computing 110 (2021) 107609

Table 3
Four different variants of genetic programming approach were applied in this study. The differences
among algorithms are the use or not of classified glucose values and the use or not of Latent
Variables.
Algorithm Acronym Use of classified Use of Latent
acronym meaning glucose values variables

GP Genetic Programming No No
CHAID-GP CHi-square Automatic Interaction Yes No

Detection-Genetic Programming
LV-GP Latent Variables- No Yes

Genetic Programming
LV-CHAID-GP Latent Variables-CHi-square Automatic Yes Yes

Interaction Detection-Genetic Programming

Table 4
Number of days and observations for each patient, and features of glucose values where mean is the average glucose, std is the standard deviation, and T_G is the
percentage of time that the glucose values are in each range (<70 [mg/dl], >250 [mg/dl] and [70, 180] [mg/dl] or time in range).

Patient

1 2 3 4 5 6 7 8 9 10
Days 148 181 182 267 190 151 117 82 122 135
Observations 37854 49634 53964 65654 43007 40500 27756 18062 28156 32817

Mean [mg/dl] 157.67 145.44 143.46 150.47 139.17 142.58 176.33 135.34 146.82 166.13
Std [mg/dl] 62.25 64.02 45.45 56.70 67.93 60.08 68.35 46.11 59.82 86.12
T_G<70 [%] 4.48 8.33 2.14 4.12 14.17 10.08 3.65 4.85 7.54 9.33
T_G>250 [%] 7.31 6.18 2.26 5.14 7.10 4.44 14.28 1.84 5.20 16.16
T_G[70,180] [%] 37.57 41.83 49.18 41.29 41.89 41.21 27.07 54.06 39.49 35.69

Table 3 summaries the meaning of each algorithm.
Data was collected from a group of ten patients with T1DM.

Table 4 shows the number of days and observations of data
for each patient, as well as the mean, standard deviation and
percentages of time where the patient has glucose levels below
70 [mg/dl], above 250 [mg/dl], and in the range [70, 180] [mg/dl]
(known as time in range). The glucose values of the patients
present a high standard deviation, which is usual in diabetic
patients due to the effects of the disease and the actions for
diabetes management.

A comparison between GP and the two algorithms CHAID-
GP and LV-CHAID-GP is made based on the ratio of predictions
in zone A+B for the different clusters of data. Fig. 3 shows the
results between GP and LV-CHAID-GP. It plots the histograms
obtained for each patient, where the X-axis represents the 8
cases corresponding to the 8 prediction time horizons (from 30
to 240 min) and Y -axis represents the clusters found using the
clustering algorithm. The dark gray segments indicate that the
best prediction is made by LV-CHAID-GP and the white gray that
the best prediction is made by GP, the reference technique. For
example, the algorithm has found 15 clusters for patient 1 (from
MWSU01 to F1234) and 6 of the clusters have a better or at least
equal performance with LV-CHAID-GP. In 81.48% and 58.73% of
the cases, models created with CHAID-GP and LV-CHAID-GP are
more accurate (63.49% and 42.86%) or at least of equal accuracy
(17.99% and 15.87%) than models created with GP. Moreover, in
16 and 26 cases, CHAID-GP and LV-CHAID-GP predictions are the
best for all time horizons.

We also compared the ratio between the values obtained in
zone A+B for the different time horizons. In 83.75% and 52.50% of
the cases, models created with CHAID-GP and LV-CHAID-GP are
more accurate (73.75% and 47.50%) or at least of equal accuracy
(10.00% and 5.00%) than models created with GP. Further, in 2 and
5 cases, CHAID-GP and LV-CHAID-GP are the best for all clusters.

In general, both methods CHAID-GP and LV-CHAID-GP get bet-
ter results than GP. It should be noted that there are more cases
in LV-CHAID-GP than in CHAID-GP where the predictions are the
best for all time horizons (26 vs 16) and clusters (5 vs 2).

Figs. 4–6 show the Parkes error grid for all patients with all
methods for three time horizons: 30, 90 and 150 min. The X-
axis represents the reference values of glucose and the Y-axis the

values of the prediction, where Y = X is the ideal prediction. The
figures are divided into five zones depending on the degree of
accuracy of the glucose estimates (see Ref. [42] for more detail).
Each zone is identified with a different color. It should be noted
that, as expected, when the time horizon increases, the points are
more scattered, obtaining a greater number of points in undesir-
able zones (C, D and E). This happens because as the time horizon
increases, the predictions are more and more complex and the
accuracy of the models decreases. However, we can also see that
LV-CHAID-GP is not giving predictions on the worst zone E (purple
points) at all and only a few points in zone D (blue points), even
for a 150-minute prediction horizon. It is also important to note
that Figs. 4–6, include all the patients, which can give an idea of
the importance of this result.

Table 5 shows the predictions (in percentage) in the evaluation
phase obtained for the zone A+B with Parkes error grid for all time
horizons (except 210 and 240 min) and patients. The accuracy of
the models is analyzed under the assumption that the best model
obtains a higher percentage of values in zone A+B, and a lower
percentage of values in zones C, D, and E.

In 65.00% of the cases, models created with LV-GP are more
accurate, and in 53.33% of the cases, models created with LV-
CHAID-GP are more accurate. Moreover, in 45.00% of the cases,
LV-GP obtains the most accurate models, and in 31.67% of the
cases, CHAID-GP. It is significant that for patient 7 and 9, all
models created with CHAID-GP are better than those of models
created with GP, and also for patient 6 all models created with
LV-CHAID-GP. In general, for all patients and short-term horizons,
LV-GP, CHAID-GP and LV-CHAID-GP have more accurate models
than GP. We will analyze these results for statistical significance
later.

Next, we carry out an analysis of the variables that appear in
the models to get an idea of what the models look like and which
are the most significant variables to select for future studies.
GP is computationally expensive and, among other parameters,
the number of input variables increases the computational cost.
If we can locate the most important variables, we are able to
create models with a similar performance to those created with
the whole variables while being computationally less expensive.
Fig. 7 represents the 25 most significant relative importance
variables out of a total of 83 variables defined with the equations

5
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Fig. 3. Ratio of models with better predictions (higher values in zone A+B) for different clusters of data. Labels in the X-axis represent the number of cases, where
each case represents a time horizon, and label Y -axis identifies clusters found with the clustering algorithm according to criteria day of the week and time slot.
Dark gray segments indicate that the best prediction is made by LV-CHAID-GP while light gray means a better model from GP .

in Section 2.4 used to create the models for methods LV-GP and
LV-CHAID-GP. The importance is between 0 and 1, where 0 is a
variable that never appears in the model and 1 is a variable that
always appears in the model. It should be noted that 68.00% of
the cases are LGV features in LV-CHAID-GP and 32.00% in LV-GP.
The MEAN, PSTR, and JI measures appear in the top ten positions.
For the non-LV variables, glucose, insulin and carbohydrates ap-
pear in the top five positions, something that is not surprising
since those are variables that have higher influence in prediction
problems for diabetes.

Then, looking for statistically significant differences between
results, we compare the performance of the algorithms proposed
in this work. We apply a statistical assessment of the results.

First, to select the suitable test, we conduct an analysis of the
distribution of the results, using a KDE of the distribution of
the samples. The objective is to visualize if the data meets the
conditions for a parametric test. Fig. 8 shows the distributions
of the results for all methods and time horizons. Each algorithm
is plotted with a different color. As we can see, the data is not
distributed according to a Gaussian distribution, nor the variance
the same for all methods. Data distribution is multi-modal and
a non-parametric test is necessary. All the plots were obtained
with [45].

Next, we select the Nemenyi test [43] to apply an all pairwise
comparison to the results. We select this test because it is a

6
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Fig. 4. Parkes error grid from test data for all different models of all patients for fold-0 and time horizon of 30 min. The X-axis represents the reference values of
glucose and the Y -axis the values of the prediction. Each zone of the Parkes error grid is identified with a different color.

Fig. 5. Parkes error grid from test data for all different models of all patients for fold-0 and time horizon of 90 min. The X-axis represents the reference values of
glucose and the Y -axis the values of the prediction. Each zone of the Parkes error grid is identified with a different color.

7
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Fig. 6. Parkes error grid from test data for all different models of all patients for fold-0 and time horizon of 150 min. The X-axis represents the reference values of
glucose and the Y -axis the values of the prediction. Each zone of the Parkes error grid is identified with a different color.

Fig. 7. Relative importance of the first 25 variables that make up the models based on LV-GP and LV-CHAID-GP. The importance is between 0 and 1, where 0 is a
variable that never appears in the model and 1 is a variable that always appears in the model. LV are represented in green, and historical and future variables in
purple.

non-parametric test and has the advantage of having an associ-
ated plot to represent the results of the comparison. This test is
based on the absolute difference of the average rankings of the
predictors. For a significant level α = 0.05 the test determines
the Critical Difference (CD) and if the difference between the

average ranking of two methods is greater than CD, then the
null hypothesis that the methods have the same performance
is rejected. Fig. 9 shows the graphical comparison of the CD
for all methods and time horizons. Each algorithm is placed on
an axis according to its average ranking. Then, those algorithms

8
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Fig. 8. Density plots of the distribution of the results for all methods and time horizons. Each algorithm is plotted with a different color. The distributions are clearly
multi-modal. All the plots were obtained with [45].

Fig. 9. Nemenyi test for all methods and time horizons using the graphical representation of [43]. Each algorithm is placed on an axis according to its average
ranking. Those algorithms that show no significant difference are grouped together using a horizontal line. The plot also shows the size of the CD required for
considering two algorithms as significantly different.

that show no significant difference are grouped together using a
horizontal line. The plot also shows the size of the CD required
for considering two algorithms as significantly different. The sig-
nificant differences are demonstrated to be significant for all time
horizons (except for 150 min).

Finally, to make a deeper statistical study of the results, we
follow the Bayesian model of [44,46] based on the Plackett–
Luce distribution over rankings to analyze multiple methods in
multiple time horizons. Fig. 10 shows the Bayesian test for all
methods and time horizons. X-axis represents the probability of
winning, with values between 0 and 1, where 0 is a solution that

9
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Fig. 10. Bayesian model of [44] to analyze all methods and time horizons. X-axis represents the probability of winning, with values between 0 and 1, where 0 is a
solution that has 0% of probability of winning and 1 is a solution with a 100% of probability of winning. Y -axis represents each of the algorithms.

has 0% of probability of winning and 1 is a solution with a 100% of
probability of winning. Y -axis represents each of the algorithms.
The dot in the graph is the average probability of winning and
the horizontal line represents the size of the confidence interval
of each test, ending in vertical lines. Fig. 10 shows that LV-GP
has the highest probability of being the best for 30, 60, 90 and
120 min, and for 30 min there are significant differences between
this method and the rest of the methods. For 150 and 180 min,
CHAID-GP is the method with the highest probability of being the
best. For 180 min there are significant differences between this
method and the rest of methods.

4. Conclusions and future work

In this paper we propose the use of several glucose variability
measures as additional features for genetic programming model-
ing of glucose levels in diabetic patients. In particular we tested
our proposal with a real dataset from ten patients from a Spanish
Hospital that was also used in previous works. This paper is an
extension of the previous work [6], which was presented at [47].
Four different GP variants were compared using Parkes error grid,
two corresponding with the previous work (GP and CHAID-GP),
and two new proposed in this paper (LV-GP and LV-CHAID-GP)
that make use of a set of latent glucose variability features. We
explored models for eight different time predictions horizons,
from 30 to 240 min, by steps of 30 min.

The main conclusions of this work can be summarized as
follows:

• GV can be incorporated by generating models for different
patterns of glucose profiles or by including LV.

• Definitely, taking into account GV is important for develop-
ing good prediction models.

• Models created with LV improve the quality predictions and
do not produce predictions on the worst zone (E) and only
a few number of points on the second worst zone (D), even
for a 150-minutes prediction horizon.

• CHAID-GP and LV-CHAID-GP predictions are the best for all
time horizons.

• CHAID-GP and LV-CHAID-GP are the best for all patients.

• In both cases dangerous predictions are reduced with re-
spect to previous works.

• In general, for all patients and short-term horizons, LV-
GP, CHAID-GP and LV-CHAID-GP have more accurate models
than GP.

• The analysis of the relative importance of the variables re-
veals that MEAN, PSTR and JI measures are in the top ranking
positions.

• The non-LV features, i.e. glucose, insulin and carbohydrates,
appear in the top five positions of influence. These results
also indicate the correctness and the coherence of the ob-
tained models, which was expected.

• The statistical analysis was performed with a novel ap-
proach based on a Bayesian model and the Plackett–Luce
distribution over rankings. It reveals that LV-GP (one of the
approaches proposed in this work), has the highest proba-
bility of being the best for 30, 60, 90 and 120 min. For 150
and 180 minutes, CHAID-GP is the method with the highest
probability of being the best.

In Future works we will explore other combinations of evo-
lutionary computation techniques, with fuzzy logic and neural
network approaches.
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Table 5
Predictions (in percentage) obtained for the zone A+B with Parkes error
grid for GP and LV-GP models, and the average percentage for CHAID-
GP and LV-CHAID-GP models. Green values indicate better solutions
compared to GP. The best result is highlighted in bold.
Model t+30 t+60 t+90 t+120 t+150 t+180

Patient1
GP 95.14 94.70 94.44 94.62 92.54 91.02
CHAID-GP 96.32 96.10 95.28 93.53 91.77 92.17
LV-GP 99.49 97.41 94.72 93.87 87.44 69.63
LV-CHAID-GP 98.04 96.06 92.74 90.76 80.82 78.08
Patient2
GP 89.81 90.89 87.33 83.59 71.75 72.32
CHAID-GP 90.45 90.36 90.43 89.77 91.03 91.37
LV-GP 99.35 96.48 94.87 89.55 84.31 55.63
LV-CHAID-GP 99.00 96.49 91.52 88.59 84.29 79.56
Patient3
GP 96.77 95.21 95.94 96.86 98.08 97.66
CHAID-GP 96.04 97.06 96.66 96.95 97.03 97.66
LV-GP 99.81 98.42 97.70 96.85 96.13 95.19
LV-CHAID-GP 99.69 98.80 96.40 93.84 92.45 91.20
Patient4
GP 91.19 64.60 92.94 89.87 92.50 93.42
CHAID-GP 93.74 93.13 92.16 91.98 92.64 94.06
LV-GP 98.85 96.61 93.80 92.51 91.79 91.11
LV-CHAID-GP 98.34 95.82 94.39 93.20 92.17 90.78
Patient5
GP 87.60 81.89 85.87 79.72 89.28 85.50
CHAID-GP 86.18 86.21 85.99 83.20 85.09 86.03
LV-GP 97.25 92.41 88.99 86.48 84.02 83.55
LV-CHAID-GP 95.28 89.18 84.02 77.44 75.43 72.92
Patient6
GP 89.20 85.61 85.68 85.79 88.62 91.57
CHAID-GP 90.46 88.65 89.22 88.11 86.92 90.03
LV-GP 97.70 93.44 90.38 80.46 83.96 76.60
LV-CHAID-GP 96.24 90.78 85.79 82.85 80.39 78.95
Patient7
GP 89.56 87.97 89.52 87.59 91.29 91.24
CHAID-GP 91.22 90.57 92.76 91.96 91.44 92.60
LV-GP 99.35 96.57 94.04 92.34 82.72 64.47
LV-CHAID-GP 97.82 93.90 88.42 84.81 85.45 85.36
Patient8
GP 88.95 92.94 92.38 94.05 93.41 86.33
CHAID-GP 91.27 92.50 93.84 90.55 92.69 88.84
LV-GP 98.23 95.10 93.01 83.28 83.19 54.40
LV-CHAID-GP 88.77 91.09 89.80 89.47 90.47 88.17
Patient9
GP 87.23 86.45 85.27 82.40 79.73 90.03
CHAID-GP 91.55 90.81 90.03 85.51 92.17 90.55
LV-GP 97.91 90.81 88.19 85.94 84.09 81.39
LV-CHAID-GP 96.64 91.89 91.83 89.08 83.82 84.54
Patient10
GP 89.39 80.98 80.87 78.53 84.79 86.77
CHAID-GP 86.91 84.08 85.71 83.65 86.66 88.06
LV-GP 97.28 92.84 87.87 84.70 83.28 69.93
LV-CHAID-GP 97.17 92.52 85.65 80.68 76.51 73.79
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Abstract
In this paper we investigate the benefits of applying a multi-objective approach for 
solving a symbolic regression problem by means of Grammatical Evolution. In par-
ticular, we extend previous work, obtaining mathematical expressions to model glu-
cose levels in the blood of diabetic patients. Here we use a multi-objective Gram-
matical Evolution approach based on the NSGA-II algorithm, considering the 
root-mean-square error and an ad-hoc fitness function as objectives. This ad-hoc 
function is based on the Clarke Error Grid analysis, which is useful for showing 
the potential danger of mispredictions in diabetic patients. In this work, we use two 
datasets to analyse two different scenarios: What-if and Agnostic, the most common 
in daily clinical practice. In the What-if scenario, where future events are evaluated, 
results show that the multi-objective approach improves previous results in terms 
of Clarke Error Grid analysis by reducing the number of dangerous mispredictions. 
In the Agnostic situation, with no available information about future events, results 
suggest that we can obtain good predictions with only information from the previous 
hour for both Grammatical Evolution and Multi-Objective Grammatical Evolution.
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1 Introduction

Symbolic Regression (SR) is one of the best-known applications of Genetic Pro-
gramming (GP) and its variants, such as Grammatical Evolution (GE). The purpose 
of SR is to obtain closed-form equations that represent a set of data points, i.e., to 
optimally fit a proper mathematical function to the data. Therefore, SR can be used 
in many domains like data analysis, modeling, classification and identification.

Healthcare is one of the fields where the above-mentioned domains are becom-
ing more and more important. In this regard, one of the diseases with the highest 
increase in prevalence is Diabetes Mellitus (DM), or simply Diabetes.1 Diabetes is 
a chronic disease caused by a defect either in the production or in the action of the 
insulin generated by the pancreatic system, corresponding to the two main types of 
Diabetes: Type 1 (T1DM) and Type 2 (T2DM). The pancreas in patients with T1DM 
is not able to generate enough insulin to process the sugar produced after food inges-
tion. Hence, patients need to inject some additional artificial insulin with each meal, 
and sometimes between meals, to maintain healthy levels of glucose. In the case of 
T2DM patients, the insulin generated by the pancreas is not working properly, in a 
phenomenon known as insulin resistance. In advanced stages of the disease, many 
T2DM patients also need to inject some insulin.

Insulin injection can be performed following two different alternatives. The first 
one is through a Continuous Subcutaneous Insulin Infuser (CSII) device, also known 
as an insulin pump. This device can be programmed and adjusted to administer the 
desired amount of insulin in different time slots. The alternative is the Multiple Dose 
of Insulin (MDI) approach which consists of injecting long-acting insulin once or 
twice daily as a background dose, and rapid-acting insulin injections at each meal 
time. In both alternatives, the decisions about the amount of insulin to be injected 
are challenging and many factors have to be considered. Selecting the right amount 
of insulin is critical. If too much insulin is injected, hypoglycemia may occur, while 
insufficient injections cause excessively high glucose levels. In both cases, the goal 
of a Blood Glucose (BG) control system for a patient is to maintain BG levels within 
the target range most of the time, usually between 70 and 180 mg/dl [44]. It has been 
shown that when these values are not maintained or there is high variability then 
both short-term and long-term complications can emerge [13].

Control of BG in insulin-dependent patients requires predicting future glucose 
values to determine the amount of insulin to inject. This amount depends on many 
factors, of which four are the most important: (i) the glucose value at the time of 
the injection; (ii) the estimated amount of ingested food, usually measured in car-
bohydrate rations; (iii) the previously injected insulin; (iv) the estimated ratio of 
currently active insulin at the time of the injection. Recently, with the appearance 
of new smart devices, other variables can also be taken into account. Making all 

1 The International Diabetes Federation estimates around 415 million diabetic patients [39] (rising from 
108 million since 1980), which is about 8-10% of prevalence in adults over 18 years of age, and it is the 
seventh leading cause of death in 2016, with 1.6 million deaths directly caused by diabetes, and 2.2 mil-
lion additional deaths attributable to high blood glucose levels.
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these estimates by hand is a complicated process that must be repeated several times 
every day. Fortunately, recent advances in both devices and algorithms allow auto-
mation of some parts of this control process. Different kinds of BG control strategies 
have been proposed [24]: manual, semi-automated [52], and automated solutions 
based on the Artificial Pancreas (AP) [2]. For all of them, it is extremely impor-
tant to develop mathematical models or artificial intelligence systems to describe the 
interaction between the glucose system and the insulin control method using current 
measurements and stored data.

In [37], three different scenarios were defined for BG prediction: What-if, Agnos-
tic and Inertial. The differences among them correspond to the data that are used 
to produce the models for prognosis. In the What-if scenario the idea is to consider 
future events for some of the input variables. For instance, the carbohydrates that the 
patient is going to eat between the current time and the prediction horizon could be 
used in this case. Models generated under this scenario are very useful for designing 
insulin or carbohydrate recommendation systems.

The Agnostic scenario only takes into account the values from the input variables 
that are previous to the current time. Theoretically, under this approach it would be 
more difficult to achieve accurate predictions, since a model trained under Agnostic 
conditions needs to implicitly predict events in the future for all possible values of 
the input variables. Intuitively, Agnostic models will be more appropriate in cases 
where the number of input variables is small or the number of samples is very large 
and varied.

Finally, under the Inertial view, models are generated using only samples from 
the Continuous Glucose Monitoring (CGM) system in the prediction time window. 
Data from other input variables cannot be used, which is an unrealistic situation 
since ingestion of food, exercise or stress may occur.

However, as noted by [37], the inertial model can be realistic in the case of night-
time predictions. While the patient sleeps, many of the input variables (such as car-
bohydrates or exercise) will take a zero value and other variables (such as insulin or 
stress) will not undergo significant changes. For this reason, Inertial models can be 
useful for the study of specific situations, such as the study of the Dawn Phenom-
enon [43], an early morning BG level rise, which is a special situation that appears 
in some diabetic patients.

In this paper, we focus only on the first two scenarios, excluding the Inertial 
approach.

The main objective of this work is to investigate the efficiency and benefits of 
multi-objective GE for BG level prediction using real data collected from patients 
with T1DM under insulin pump therapy with CGM. We continue with the investiga-
tion of a multi-objective approach for modeling glucose and constructing predic-
tive models from the short-term (30 min) to the medium-term (120 min) time hori-
zons. We use GE with two objective functions: Root Mean Squared Error (RMSE) 
and an adapted fitness, denoted as FCLARKE , which is based on the Clarke Error 
Grid (CEG) metric [8]. This paper is an extended version of the work presented 
at the EvoStar 2020 Conference [10] and the continuation of the machine learning 
research developed at the Universidad Complutense de Madrid, Adaptive and Bioin-
spired Systems Research Group since 2013 [18, 21–24] and [50]. The contribution 
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of this paper in relation to [10] is twofold: on the one hand we have extended the 
analysis to the Agnostic scenario using a new dataset also coming from real diabetic 
patients and, on the other hand, we have performed a deeper analysis of the results 
where we graphically compare the solutions obtained, allowing us to draw medical 
conclusions.

In particular, we tackle the following research questions: is the multi-objective 
approach able to improve single-objective predictions?. Does the multi-objective 
approach obtain solutions that are clinically better?. Is it always better to use more 
information from the past or can we obtain equivalent predictions with information 
from the last hour instead of the last two?

As will be seen, the development of a problem-specific fitness function does not 
only considerably improve the quality and the robustness of the GE algorithm as 
an SR tool in the What-if scenario, as we show in [10], but also allows us to obtain 
good Agnostic prediction models using only information from the last hour previous 
to the time of prediction.

The best single-objective solutions may suffer from a significant number of erro-
neous predictions that could lead to incorrect treatments that may be dangerous to 
the patient’s health. Later, we will show that the multi-objective strategy improves 
this situation by reducing the number of wrong predictions and, therefore, the sever-
ity of incorrect treatments.

The rest of the paper is organized as follows. In Sect. 2, we review the previous 
work. In Sect.  3, we explain the multi-objective approach. Section 4 gives details 
about the dataset and discusses the results, comparing it with previous work and 
analyzing the contributions of the multi-objective approach. We finish the paper 
with the conclusions in Sect. 5.

2  Related work

The problem of modeling and predicting glucose levels and glucose-insulin inter-
action has been an intensive area of research for the last ten years. We will focus 
on predicting glucose levels for a forecasting horizon of up to 2 h, as an aid in the 
daily management of insulin. Two hours is usually the time needed to decide if the 
dose of insulin after a meal was correct. Hidalgo et al. proposed the application of 
GE to obtain customized models of patients. The proposal has been tested using in 
silico patients’ and real patients’ data [24]. The work has been extended recently in 
[28] and [49], where it has been shown that data augmentation and structured GE 
increase the quality of the prediction results.

Inspired by Hidalgo’s group, Contreras et al. presented a hybrid model for pre-
dicting glucose in the medium term (120 min) for T1DM patients [12]. The sys-
tem uses synthetic data generated by the UVA/PADOVA simulator [29]. Both the 
fitness function of the evolutionary grammar and the performance metrics use a 
penalty factor to take into account the physical damage caused by deviations in 
BG prediction according to the CEG. The authors generate four models for each 
patient corresponding to different phases of the day: night, breakfast, lunch, and 
dinner. The data obtained for the night phase are quite good; however, results 
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with real patients’ data have not been reported. In this work, we use a multi-fit-
ness approach instead of a penalization function, which is more appropriate for a 
multi-objective problem.

Although more centered on classification, i.e., the prediction of a class instead 
of a glucose value, there are other interesting approaches. For instance, in [40], the 
authors developed a method for predicting postprandial hypoglycemia using a clas-
sification approach with machine learning techniques personalized for each patient. 
They described the process of generating a hypoglycemic prediction model by Sup-
port Vector Machine (SVM) for binary classification, trained and tested using Scikit-
Learn. They use hypoglycemia risk as a feature and as a class-labeling factor. The 
results demonstrate acceptable performance for all patients (in terms of specificity 
and sensitivity) and the feasibility of predicting postprandial hypoglycemic events 
from a classification perspective. In [46], a dual mode adaptive basal-bolus advisor 
based on reinforcement learning is presented. Authors proposed an Adaptive Basal-
Bolus Algorithm (ABBA) which provides a personalized recommendation for the 
daily insulin doses using information from the previous day. Regarding the level of 
customization of the models, some proposals provide models for the average case 
[41], and others provide personalized models for each patient. Several papers apply 
classical modeling techniques, resulting in models or profiles defined by linear equa-
tions with a limited set of inputs [35].

The treatment for subjects with T1DM uses rates of basal insulin delivery, insulin 
to carbohydrate ratios and individual correction factors, typically from observations 
by the endocrinologist.

However, the data collected in clinical studies with T1DM patients do not cover 
sufficiently long periods of time or the different situations of work, stress, etc. that 
characterize the patient’s life. Therefore, the models generated from these data will 
be inaccurate [54].

There are also some models, used in AP systems or closed-loop control models, 
that try to emulate the action of the pancreas [14]. They are based on the assumption 
that it is possible to reach reasonable control with approximate models, provided 
that the model is related to the control objective [19]. Experimental results suggest 
that these approaches, due to the lack of accurate individualized models, have a sig-
nificant risk of under-administration and thus the possibility of BG levels entering 
a zone of hyperglycemia with, eventually, long-term complications. Even worse, a 
major misprediction of BG may lead to the injection of an excessive amount of insu-
lin, causing BG levels to fall into a zone of hypoglycemia which can have immedi-
ate fatal consequences for the patient’s health. Our evolutionary models try to avoid 
both situations.

De Falco et al. [15] presented a work on GP-based induction of a glucose-dynam-
ics model for telemedicine. The work aims to create a regression model that allows 
the determination of the BG value from interstitial glucose in patients with T1DM 
with the idea of using it in a telemedicine portal. The work is divided into two parts. 
In the first part, an imputation of the missing values in the database is carried out 
using an extrapolation technique based on the Steil-Rebrin model [45]. To make the 
most accurate estimate, the parameters of this equation are adjusted using an evolu-
tionary algorithm with the RMSE as the fitness function. Since there are many more 
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estimated BG values than actual values, a correction factor must be applied to avoid 
deviations in the extraction of the model.

Recently, several approaches have solved the prediction problem by using arti-
ficial Neural Networks (NNs) with results similar in quality to the solutions based 
on GP and GE. There are several kinds of NNs and, due to the availability of new 
high-performance computing architectures, their development and applicability 
have increased exponentially during the last five years. Long Short-Term Memory 
(LSTM) networks have achieved very good performance in modeling several time-
dependent phenomena. This is why most of the approximations found in the litera-
ture for the prediction of BG levels are LSTM since BG data are usually obtained 
as a time series from CGMs. In [47], the authors make a glucose prediction using 
a sequential model consisting of an LSTM, a Bi-directional LSTM (Bi-LSTM), 
each with four units, and three fully connected layers with 8, 64 and 8 units, respec-
tively. The authors of [1] develop a predictive model fpr BG to define future insulin 
therapy consisting of two stacked LSTMs working in parallel. Meijner and Persson 
[34] propose to exploit LSTM in a model which takes CGM values, insulin dose 
and carbohydrate intake as inputs. The proposal tackles only prediction horizons of 
30 and 60 min. The training phase experienced initialization problems which led to 
local optimums. Another interesting work is [32] from an Ohio University group 
with more than ten years of experience in machine learning for diabetes. In [36], 
they propose an LSTM architecture and they improve it in [37] by proposing a novel 
architecture called memLSTM, which is a mixture of LSTM with a type of network 
called Neuronal Attention Models (NAM) or Augmented Memory Models (AMM). 
The work presented in [33] analyses 10 machine learning techniques combined with 
oversampling methods, concluding that the choice of the best algorithm depends on 
the glycemic range. Convolutional Recurrent Neural Networks (CRNNs) have also 
been explored to predict the BG level [27] for in silico patients. Almost all of these 
works use real and in silico patients with short-term prediction horizons (up to 60 
min). The proposed architectures obtain a performance similar to the current state 
of the art.

3  Description of the problem

The work that we present here extends those works based on GE, and explores the 
use of a multi-objective approach, based on the Non-dominated Sorting Genetic 
Algorithm (NSGA-II) [16], applied to real data from diabetic patients. We are inter-
ested not only in the problem-specific, but also in the performance of the multi-
objective implementation. We integrate the different possibilities of using GE for 
short-term and medium-term glucose prediction in diabetic patients, for the Agnostic 
and What-if scenarios, and for prediction horizons of 30, 60, 90 and 120 min, using 
information from 60 and 120 min prior to the time of prediction.

The complete workflow can be seen in Fig. 1. Real data is gathered using differ-
ent electronic devices such as CGM systems, smart bands and CSII (insulin pump), 
as well as annotations by the patients. These data are processed to form the different 
data sets (combining 2 historical windows and 4 prediction horizons) that will be 
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used in the two scenarios studied in this research. In Sects.  3.1 and 3.2 we thor-
oughly explain the two scenarios but we can summarize that in the What-if case the 
model predicts future glucose values by taking into account not only past values of 
the three variables (glucose, carbohydrates and insulin) but also future carbohydrate 
intake and insulin injections from the present until the prediction horizon. In the 
Agnostic scenario, the model predicts future glucose values based only on past val-
ues. For both scenarios, we train and test, using cross-validation, a GE model and a 
multi-objective GE model.

One of the advantages of using GE as a modeling approach is that we can tackle 
the different possibilities mentioned in the paragraph above using the same engine 
and only making changes in the grammar for each prediction horizon, scenario and 
information configuration. Each variable, feature or attribute to be used in the model 
can be easily included in the grammar. In addition, with this procedure we are able 
to study the contribution of each feature, or group of features, to the quality of the 
solution.

3.1  What‑if scenario or insulin‑carbohydrate recommendation

As mentioned in the introduction, the What-if scenario models may have access to 
input events, so we can predict the BG level after m minutes, supposing that the 
patient eats a meal with C grams of carbohydrates and I units of insulin are injected 
in t minutes from the time of prediction. In other words, our objective is to construct 

Fig. 1  Workflow illustrating the generation of models for the glucose prediction problem
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an insulin-carbohydrate recommendation tool. Thus, we look for predictive models 
that help us in evaluating those recommendations. In this scenario, models can use 
the following data:

• Interstitial glucose using a Medtronic CGM device that gives us observations 
every 5 min.

• Notes of estimated carbohydrate units ingested, taken by each patient.
• Insulin injected using an insulin infuser device from Medtronic, which registers 

injections of both basal and bolus insulin every 5 min.

Once all the information has been collected, we process the data to fill in gaps using 
cubic splines and to match all the events to the closest timestamp in order to con-
struct a set of matched time series, corresponding to glucose, insulin, and carbohy-
drate values. We also process the set of features available at the time of modeling. 
The approach of using the cubic spline technique to fill gaps in time series is the 
most widely used strategy not only in medical literature but also in physical science 
research [26, 51]. At each time point, t, data from the previous 2 h are available for 
prediction. We process these data to define a set of new features as we did in [24]. To 
this aim, we first define two sets: the set of time windows in which we evaluate new 
features, W120 = {0–0, 0–30, 31–60, 61–90, 91–120} min, and the set of sample times 
previous to the current prediction time, SP120 = {0, 15, 30, 45, 60, 75, 90, 105, 120} 
min. The new features2 are:

• The set of glucose values measured sp minutes previous to prediction time: {
Gsp(t)

}
SP120

= {G(t − sp)}sp∈SP120,
• The set of the sums (in grams) of the carbohydrates ingested in window w: �

Cw(t)
�
W120

= {
∑

i∈w C(t − i)}w∈W120
,

• The set of the sums of the units of insulin injected in window w: �
Iw(t)

�
W120

= {
∑

i∈w I(t − i)}w∈W120
.

Notice that G0(t) = G(t) , C0−0(t) = C(t) , and I0−0(t) = I(t) are the actual values at 
prediction time for glucose, carbohydrates, and insulin, respectively. We also define 
the set of prediction horizons, i.e., the sample times in future to forecast the BG, 
PH = {30, 60, 90, 120} min, so that Ĝph(t) with ph ∈ PH is the predicted BG ph 
minutes ahead in time, whereas Iph(t) and Cph(t) are the values of insulin and carbo-
hydrates ph minutes ahead in time. Hence, our prediction problem can be stated as 
finding an expression for the predicted BG level, Ĝsp(t) , given by equation (1), that 
minimizes the objective functions RMSE and FCLARKE.

(1)ĜWhat-if
ph,120

(t) = ft,ph({Gsp(t)}SP120 , {Iw(t)}W120
, {Cw(t)}W120

, Iph(t),Cph(t))

2 When constructing prediction models that help in the recommendation, we can use variables (features) 
that include the information involved in the recommendation process and thus be able to use them effec-
tively. This does not mean that we use information from the future.
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3.2  Agnostic scenario or glucose prediction in absence of event information

Recently, with the appearance of new smart devices, the possibility of incorporat-
ing more predictive variables into models has been raised, in order to improve the 
accuracy of the models. For example, the activity bracelets on the market pro-
vide accurate information on many variables including exercise, sleep, heart rate, 
body temperature, caloric consumption, and more. When all this information is 
incorporated to the dataset it becomes much more complicated to make models of 
the type What-if since the number of possible combinations of the variables and 
assumptions involved in an event is enormous and its usefulness would be very 
limited. However, it is possible to produce an Agnostic-type model in which there 
is no access to information on future events in the prediction phase. This type of 
model needs to predict those events in an implicit way. For example, the model 
must identify fasting periods or physical exercise.

Our GE-based model generation engine allows us to make these types of mod-
els without substantial changes to our methodology. It only requires adjusting the 
grammars to reflect access only to the variables available. In the case of Eq. (1), 
we only need to eliminate access to future values, i.e., Ct+H(t) and It+H(t) , so the 
general equation for the models would be expressed by Eq. (2).

In this paper, we solve the Agnostic problem in relationship with the data described 
in [30]. This dataset includes information on BG levels from a CGM, insulin doses 
from an insulin pump, self-reported information and data from an activity band. 
More details can be found in the previous paper. We processed the data in a similar 
way to that described in Sect. 3.1 in order to obtain aggregated features with infor-
mation every 15 min, including CGM BG level, insulin doses, carbohydrate esti-
mates, Galvanic Skin Response (GSR), skin temperature, air temperature and accel-
eration. The influence of these variables in diabetic patients is documented in [9, 25, 
48]. However, the analysis of their particular impact is left for future collaborations 
with medical staff, since it is beyond the scope of the multi-objective analysis made 
in this paper.

Although the Agnostic scenario may be considered a subset of the What-if sce-
nario, in this paper, we consider them as different problems since we use different 
data.

In addition to the analysis, we compare two options regarding the information 
available at the time of prediction. On the one hand, we use the events from the 
previous 2 h to construct the models as expressed in Eq. (2). On the other hand, 
we use the information of only the previous hour before the time of prediction. As 
we will see in the experimental section, this comparison is useful for the appli-
cability of the models, since most of the time the patient has little or no informa-
tion from the past. Incorporating the information of the variables obtained from 
the smart devices, we will search for models by applying (3) with window size, 
ws ∈ {60, 120} min.

(2)Ĝ
Agnos

ph,120
(t) = ft,ph({Gsp(t)}SP120 , {Iw(t)}W120

, {Cw(t)}W120
)
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Where we incorporate the variables GSR, skin temperature, and magnitude of accel-
eration to those defined in equation (1):

• The set of GSR values sp minutes before t: 
{
GSRsp(t)

}
SPws

= {GSR(t − sp)}sp∈SPws
,

• The set of skin temperatures measured sp minutes before t: {
Ksp(t)

}
SPws

= {K(t − sp)}sp∈SPws,
• The set of accelerations measured sp minutes before t: {

Asp(t)
}
SPws

= {A(t − sp)}sp∈SPws.

3.3  Fitness functions

Again, GE allows us to use the same configuration for both scenarios and both algo-
rithms: single-objective (GE) and multi-objective (MO-GE). GE relies on RMSE 
to guide the search. RMSE is a common fitness function when adjusting data in SR 
problems. Equation (4) shows its definition.

In the case of MO-GE, we use a second objective function, denoted as FCLARKE , 
which was defined in [21]. This function follows the CEG criterion used to test the 
clinical significance of differences between a glucose measurement technique and 
venous BG reference measurements [8]. FCLARKE is defined in equation (5).

To compute wi we used the next equation:

(3)
Ĝ

Agnos+

ph,ws
(t) = ft,ph

(
{Gsp(t)}SPws , {Iw(t)}Wws

, {Cw(t)}Wws
, {GSRsp(t)}SPws ,

{Asp(t)}SPws , {Ksp(t)}SPws

)

(4)RMSE =

√√√√ 1

N

N∑
i=1

(G(ti + ph) − Ĝph,ws(ti))
2

(5)FCLARKE =

N∑
i=1

wi

(6)

wi =

⎧
⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

100 if (Ĝph,ws(ti) ≥ 180) ∧ (G(ti + ph) ≤ 70)

100 if (Ĝph,ws(ti) ≤ 70) ∧ (G(ti + ph) ≥ 180)

10 if (180 ≥ Ĝph,ws(ti) ≥ 70) ∧ (G(ti + ph) ≥ 240)

10 if ((180 ≥ Ĝph,ws(ti) ≥ 70) ∧ (G(ti + ph) ≤
175

3
))∨

((Ĝph,ws(ti) ≥
6

5
× G(ti + ph)) ∧ (70 ≥ G(ti + ph) ≥

175

3
))

1 if (Ĝph,ws(ti) ≥ G(ti + ph) + 110) ∧ (290 ≥ G(ti + ph) ≥ 70)

1 if (Ĝph,ws(ti) ≤
7

5
× G(ti + ph) − 182) ∧ (180 ≥ G(ti + ph) ≥ 130)
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In this regard, CEG considers a grid divided into five zones (A to E) depending 
on the severity of the misprediction. The values that fall within zones A and B are 
clinically exact and/or acceptable and thus the clinical treatment will be correct. We 
consider A and B as a single category with no contribution to equation (5). Values 
in zone C can be dangerous in some situations. Although less dangerous than D and 
E zones, we should also try to minimize predictions in these zones, so predicted 
points in these zones contribute a value of 1 to equation (5). Finally, zones D and E 
represent potentially dangerous areas since the prediction is far from being accept-
able and the suggested treatment will be different from the correct treatment. Each 
prediction in zone D adds 10 to equation (5), while predictions in zone E add 100. 
The inequalities and conditions of Eq. (6) delimit these zones according to [8].

RMSE is a standard linear regression metric that measures the raw quality of 
a model. Intuitively, it can be expected that the greater the RMSE the greater the 
FCLARKE . However, a good model in terms of RMSE can, at the same time, be dan-
gerous from the medical point of view. For instance, an error of 20 mg/dl for an 
expected value of 50 mg/dl is worse than the same error for 100 mg/dl, since, in the 
first case, the patient will be in a hypoglycemic situation, whereas in the second case 
the patient is within the normal glucose range. These kinds of situations are not well 
identified by RMSE. On the contrary, FCLARKE is able to amplify the effect of those 
dangerous situations. Similarly, a good model in terms of FCLARKE , with all predic-
tions in zones A and B could reach significant values of RMSE. Therefore, these 
objective functions are not fully orthogonal, but they help to identify good models in 
terms of both raw and medical qualities.

Previous experimentation showed poor RMSE results of FCLARKE in single-objec-
tive GE. Therefore, for the sake of space and the clarity of the discussion, we have 
discarded these experiments.

3.4  Multi‑objective grammatical evolution

In this paper we propose a multi-objective approach to GE [42]. We use the same 
approach and grammars of [49], where the interested reader can find more details 
about applying GE for the creation of models in this scenario. As is well known, 
the GE method is powered by an evolutionary computation algorithm, usually an 
adapted implementation of a Genetic Algorithm or a Particle Swarm Optimization 
algorithm. There exist some other multi-objective implementations such as [20]. 
However, we use our own library, which is publicly available through GitHub.

Here we also use a bi-objective approach, using equations (4) and (5) as fitness 
functions. As an evolutionary engine, we apply NSGA-II, which is perhaps the most 
effective way of optimizing and searching for solutions to multi-objective prob-
lems with evolutionary computation when dealing with 2 or 3 objectives. One of 
the important issues for selecting a multi-objective approach is to study the fitness 
functions, i.e., the objectives. Although the objectives may work in the same direc-
tion, it is not desirable that both measure similar features. Fitness functions should 
guide the algorithm through the search space in different manners, although with a 
common search. This is the case for Eqs. (4) and (5), where both try to improve the 
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quality of the solution by simultaneously minimizing error and obtaining solutions 
with 100% of the predictions in zones A and B.

Figure 2 represents an extract of the grammar in Backus-Naur Form (BNF) for-
mat designed to find a predictive model for future BG levels. This is a typical gram-
mar for SR adapted to the variables and features for each diabetic patient’s data-
set. It is a recursive grammar and the operators are reduced to addition, subtraction 
and multiplication, based on the conclusions of [38] and our previous experimental 
experience. Despite the size of the search space being infinite because it is a recur-
sive grammar, the algorithm is able to efficiently explore the search space.

Notice that the grammar is the tool which allows knowledge of the problem to 
be included in the optimization process. For instance, the grammar proposed sets 
the particular glucose, carbohydrate and insulin variables to be used, as well as the 
operands and precision factors available in order to produce model expressions. This 
way, the search is guided to a certain part of the solutions space.

4  Experimental results

We carry out two types of experiments testing the two scenarios explained in 
Sects. 3.1 and 3.2 : the What-if and Agnostic scenarios. Hence, we use two differ-
ent datasets containing the information and variables required by each scenario. In 
Sect. 4.1, we describe the experiments corresponding to the What-if scenario, which 
deals with the same dataset of ten real patients, as explained in [10]. In Sect. 4.2, 
we expand the study to the Agnostic scenario, using a dataset from six new patients 
with data containing more information that has recently been added by using smart 
devices that incorporate other variables.

To find the models that will later be tested, we divided the data into two sets, 
training and test, using the k-fold cross-validation technique. This technique gener-
ally results in a less biased estimate of the model’s performance than a simple train/
test division. After shuffling the data, the total data set is divided into k subsets (in 
this article k = 10). Over k iterations, the models are tested on one of the subsets 

Fig. 2  Grammar for BG forecasting
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and trained on the other (k-1) subsets. The final results are the union of the k itera-
tions. We could expect that the variance across these small subsets would contribute 
a biased estimation but, in the literature, we can find research that does not support 
this idea [3]. It is also interesting to note that here each individual point (value to be 
predicted) consists of a BG value plus a historical window with glucose, carbohy-
drate and insulin data. This experimental setup is illustrated in Fig. 3.

We would like to emphasize that obtaining data from real patients is difficult 
because this is sensitive information that usually requires special authorisation from 
both the patients and the medical authorities. In addition, patients must be com-
mitted to the research since for data completion it is important to wear the devices 
correctly on a continuous basis, while taking notes and registering any unexpected 
event that could affect the data. Besides, it is usual to discard part of the data col-
lected because of mistakes made by patients. Therefore, studies usually deal with 
small datasets, as shown in [7, 17, 31, 53], with 10, 11, 7 and 7 T1DM patients, 
respectively, with different gender distributions.

The implementation of both GE and MO-GE algorithms is done in Java, and the 
code is publicly available at the GitHub repository called JECO, which stands for 
Java Evolutionary COmputation library [23]. As stated above, the multi-objective 
approach uses the NSGA-II algorithm as an optimization engine. Table 1 summa-
rizes the configuration of the evolutionary engine for the MO-GE approach, which is 
based on our previous experience, and on a set of preliminary experiments where we 
studied the convergence of the algorithm as well as the wrapping value. In particu-
lar, little use was made of wrapping in the preliminary experiments. On the contrary, 
the algorithms tended to generate solutions of moderate size. Therefore, we decided 
to set the maximum number of wrappings to a small value, evolving some com-
plex expressions. In order to maintain a consistent computational effort, the same 
configuration was used for GE, which only considers RMSE as a fitness function. 
Finally, for each patient, ten runs were executed with the training data. The best 
model obtained was later used to calculate its performance on the test data.

Fig. 3  Workflow illustrating the prediction problem setup
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In addition to the GE models, we have also fitted Auto-Regressive Integrated 
Moving Average models, ARIMA(p, d, q), to estimate glucose values. Equation (7) 
presents the expression of such a model where �(t) is the random error at time t, and 
p, q, and d are integers, called the orders of the model. This model only includes 
glucose values and does not use exogenous variables such as insulin doses or 
carbohydrates.

We have tested ARIMA models of different orders in 0 < p, q ≤ 12 , with 12 being 
the number of samples in 1 h for Ohio patients to mimic the same time windows as 
the GE models. The best results have been for p = q = 5 . We disregard the integra-
tive component, that is, d = 0 , because previous experiments show no improvement 
for �i ≠ 0 . With every new glucose sample, the 12 model’s coefficients are esti-
mated using maximum likelihood in a 4-h time window using the last 48 samples—
including the last one—of the univariate glucose time series, G(t). Once the model 
is fitted, it is warmed up using the last 24 samples, and then it estimates the glucose 
prediction for the four prediction horizons in PH.

4.1  What‑if scenario

Ten T1DM patients have been selected for the observational study, based on con-
ditions of good glucose control. To be included in the study, three main condi-
tions must be met: (1) at least one year since T1DM diagnosis; (2) absence of 

(7)Ĝarima
ph

(t) =

p∑
i=1

�iG(t − i) +

(
�(t) +

q∑
i=1

�i�(t − i)

)
+

d∑
i=0

�it
i

Table 1  Configuration of the 
evolutionary engine Parameter settings of the multi-objective GE algorithm

Grammar gr120bvr.bnf
Objectives=2 F

CLARKE

RMSE
Normalized data No
Initialization Random 50 % 

and sensible 
50%

Genetic operators
Tournament size 2
Population size 400
Crossover probability 0.75
Mutation probability 0.01
Chromosome length 300
Number of generations 400
Maximum number of wraps 5
Elites 2
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diagnosis of major psychiatric disorder; (3) no serious breakthrough disease in 
the last six months. The study was approved by the Ethics Committee of the Hos-
pital Príncipe de Asturias in Alcalá de Henares, Spain, and all patients signed a 
prior informed consent. Data acquisition was carried out by two nurses from the 
Endocrinology and Nutrition Service at the hospital.

Data from patients were acquired over multiple weeks using the devices 
described in Sect.  3. Log entries were stored in 5-min intervals. In this data-
set, we have at least 10 complete days of data for each patient. These days are 
not necessarily consecutive. Each log entry contains the date and time, the BG 
value, the amount of insulin (injected via pump), and the amount of carbohy-
drate intakes estimated by the patients. The population characterization is female 
(80%), average age 42.30 ± 11.07, years of disease 27.20 ± 10.32, years with 
insulin pump therapy 10.00 ± 4.98, weight 64.78 ± 13.31 kg and HbA1c average 
of 7.27 ± 0.50%. The average number of days with data is 44.80 ± 30.73. Fig-
ure 4 describes the glucose levels of patients from this dataset. The upper figure 
shows the percentage of time the patient has a very low glucose level (<54 mg/dl 
in dark red), low ([54,70) mg/dl in red), in range ([70,180] mg/dl in green), high 
((180,250] mg/dl in yellow), and very high (>250 mg/dl in dark yellow). The 
numbers (from top to bottom) represent the percentage of time the patient has 
a glucose level >250 mg/dl, in range [70,180] mg/dl and <70 mg/dl. The lower 
figure shows the interquartile ranges of glucose where the mean values are repre-
sented with red dots. This is a common way of evaluating the quality of BG man-
agement in diabetics. The greater the time in range ([70–180] mg/dl), the better.

Fig. 4  Histograms and boxplots describing the glucose level of the patients from the dataset used in the 
What-if scenario. The upper figure shows the percentage of time the patient has a very low glucose level 
(<54 mg/dl in dark red), low ([54,70) mg/dl in red), in range ([70,180] mg/dl in green), high ((180,250] 
mg/dl in yellow), and very high (>250 mg/dl in dark yellow). The numbers (from top to bottom) repre-
sent the percentage of time the patient has a glucose level >250 mg/dl, in range [70,180] mg/dl and <70 
mg/dl. The lower figure shows the interquartile ranges of glucose, where the mean values are represented 
with red dots (Color figure online)
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In order to compare the results between the multi-objective (MO-GE) and the sin-
gle-objective (GE) approaches, we have plotted in Figs. 5, 6, and 7 the RMSE and 
CDE values for each solution model for several patients under different prediction 

Fig. 5  Comparison between GE and MO-GE (red and green points) for patients 4 and 7 in the What-if 
scenario for all prediction horizons (30 and 90 min in left column, and 60 and 120 min in right column) 
and both historical values (Color figure online)
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horizons. CDE is the sum of the number of points in zones C, D, and E for each 
model. Since FCLARKE is a weighted sum of the number of points in those areas, 
we prefer to represent CDE because it allows us to compare how similar values of 
RMSE may present different numbers of dangerous mispredictions, accounted for 
by CDE. This representation allows the comparison of solutions in terms of both 
the raw quality of a model, given by the RMSE value, and the medical quality of the 
model, given by the number of points in dangerous regions. It is important to note 
that a solution with two predictions in the C zone is acceptable and much better than 
a solution with two prediction points in zones D or E.

Figure  5 shows the solutions obtained for patients 4 and 7 with both a single-
objective GE evolution approach using the RMSE value as fitness function (red 
points) and the solutions obtained with the MO-GE approach (green points). As 
can be seen, the use of FCLARKE as an additional objective improves the fitness of 

Fig. 6  RMSE and CDE values for all prediction horizons (30 min in red points, 60 min in green points, 
90 min in blue points and 120 min in purple points) for patients 1, 5 and 10 (rows 1, 2 and 3) in the 
What-if scenario for GE and MO-GE (left and right column) and both historical values (Color figure 
online)
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the solutions, not only for the new fitness function, but also in terms of RMSE. We 
can also observe that all the solutions generated by GE are dominated by solutions 
generated by MO-GE. Moreover, the distribution of the solutions suggests that our 
MO-GE is more robust than the GE since most solutions it finds are close to the 

Fig. 7  All folds (each color represents a different fold) for patient 6 in the What-if scenario for GE and 
MO-GE (left and right column) and all prediction horizons (row 1 for 30 min, row 2 for 60 min, row 3 
for 90 min and row 4 for 120 min) and both historical values
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approximation of the Pareto front. This is observed for all four prediction hori-
zons. Similar results were obtained with the rest of the patients in the dataset.3 
From a medical point of view, this result is a measure of the method’s robustness 
since patient 4 is very different from patient 7 according to the descriptive statis-
tics. Patient 7 has the worst glucose control since the patient’s glucose values lie 
within a healthy range only for a very short time (27%) in comparison with medical 
recommendations ( ≥ 80% ). The average glucose level is also poor for this patient 
since it is the highest in the group (176.33 mg/dl). Nevertheless, we can see in Fig. 5 
that GE and MO-GE reach good solutions for the four prediction horizons in both 
patients, regardless of the a priori difficulty of the dataset.

We would like to highlight that MO-GE is able to reach the optimum solution for 
patient 1, that is, the solution with both objectives equal to 0 and, hence, with nei-
ther error nor dangerous predictions.

It is also important to note that, although there are some non-dominated solu-
tions with a very low number of points in zones CDE, those are not necessarily 
the best ones. For example, let us analyse the solutions from MO-GE for the 120 
min horizon, patient 5, with the lowest value of CDE in the graph (the magenta 
colored points close to the y axis around point (71 , 7)). This solution is very pre-
cise; however, the bad predictions could be very dangerous for the patients since, as 
the RMSE indicates, the deviation from the correct prediction must be very high. 
When selecting the final model or predictor, the decision maker should take these 
characteristics into account. Another interesting feature that can be extracted from 
Fig. 6 is that the longer the prediction horizon, the worse the RMSE value, which 
is consistent with the intuitive idea of the difficulty of prediction for long horizons. 
However, this situation does not happen with CEG. Notice, for instance, that a small 
set of solutions for the 120 min horizon in patients 5 and 10 are located close to the 
CDE value of 10, which is quite small. This means that, despite those solutions hav-
ing a high RMSE value (around 70), the predictions are well located in terms of the 
grid defined by CEG, which provides a good CDE value.

Figure 6 shows the distribution of the solutions in the multi-objective space with 
both approaches, GE and MO-GE, for three patients:4 1, 5 and 10. As expected, 
the error and the number of points in dangerous prediction zones increase with the 
prediction horizon. However, solutions are restricted to a limited area of the graph 
(maximum RMSE by maximum number of points in zones C, D and E).

In addition, it is observed that the variability of solutions for a prediction hori-
zon of 120 min is the highest, and the variance of the data along the horizontal axis 
decreases as the prediction horizon gets closer. This means that good CDE val-
ues can be reached for every horizon (as well as poor ones), and this variability is 
reduced with the reduction of the prediction horizon. These facts prove that the two 
objectives are not correlated and, hence, the multi-objective approach is correct.

4 Figures for all patients can be found in [10].

3 Similar figures for patients 2 and 10 can be found in [10], since this paper is an extended version of 
that work.
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Figure 7 presents an additional analysis where we can see the distribution of 
the solutions in the multi-objective space for patient 6 with both approaches, sin-
gle-objective (GE) and multi-objective (MO-GE) with the four prediction hori-
zons PH = {30, 60, 90, 120} min. Each color represents the solutions obtained 
with one of the folds of the 10-fold cross-validation strategy for a prediction hori-
zon. Two questions arise from them. First, some of the folds are more difficult 
to solve than others, and a deeper study of the data should be done in order to 
improve the algorithm, for instance, by detecting some kind of pattern and deter-
mining when the MO-GE works better, as proposed in [11].

We performed a quantitative analysis of the solutions by comparing the 40 
different instances (10 patients by 4 different time horizons) for both GE and 
MO-GE methods. For the sake of space we do not include all the plots. How-
ever, in all cases, solutions obtained with the MO-GE method dominate solutions 
obtained with GE.

Table 2 shows the aggregated results for both the single-objective and multi-
objective approaches, GE and MO-GE, respectively. It also shows the results 
obtained with the ARIMA approach. For each time horizon, the percentage of 
predictions in zones A and B (A + B column), C, D and E are depicted. Since we 
try to maximize the points in zones A + B and minimize the points in dangerous 
zones C, D and E, the bold figures highlight the best method. That is, the figures 
reported in bold in column A + B point out the method that has obtained the 
maximum value for each time horizon, while the figures reported in bold in col-
umns C, D and E point out the method that has obtained the minimum value for 
each time horizon. Again, the MO-GE algorithm reaches the best performance, 
reducing predictions in the most dangerous zones D and E for short-term predic-
tions (30 and 60 min). For medium-term predictions (90 and 120 min), the sum 
of D and E points are very similar, on average. However, MO-GE finds better 
solutions considering the distribution of all points in the different zones of the 
CEG. Results were tested for statistical significance and we found significant dif-
ferences in the number of points in zones D and E, where the multi-objective 
approach reduces the most dangerous predictions. With regard to the technique 
that has a larger percentage of points in the A + B zone, we found that MO-GE 
is placed first for short-term horizons, whereas GE achieves better results for 

Table 2  Percentage of predictions for the What-if scenario and each zone of the CEG metric

Aggregated data of all the patients in the four time horizons. The figures reported in bold point out the 
best method for each horizon

Algorithm Horizon A + B C D E Horizon A + B C D E

GE 30 92.81 1.26 5.31 0.60 90 92.96 1.24 5.22 0.56
MO-GE 30 95.70 2.38 0.95 0.97 90 91.77 2.37 4.66 1.20
ARIMA 30 95.48 1.59 2.47 0.46 90 82.26 7.84 5.26 4.64
GE 60 93.19 1.23 5.00 0.59 120 90.76 1.35 6.96 0.91
MO-GE 60 94.39 1.85 3.24 0.52 120 90.35 2.93 5.01 1.70
ARIMA 60 87.65 4.84 4.74 2.77 120 78.26 9.47 5.80 6.47
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medium-term horizons. ARIMA gets the worst results in terms of points in zones 
A + B and in terms of dangerous zones D and E for all horizons except 30 min, 
where it gets better results than the GE approach.

4.2  Agnostic scenario

The six patients of the dataset used in the Agnostic scenario were selected from the 
OhioT1DM dataset for Blood Glucose Level Prediction: update 2020 [30]. This 
dataset contains twelve patients with T1DM and was first released in 2018 with half 
its current size, containing data for only six patients. We selected the new patients 
incorporated in this update because the sensor band used in these new patients 
(Empatica Embrace) registers some of the physiological variables with more preci-
sion than the sensor band used in the old dataset (Basic Peak). To protect the data 
contributors and to ensure that the data be used only for research purposes, we had 
to sign a Data Use Agreement with the University of Ohio before using the dataset 
in our research.

Data were acquired over multiple weeks using insulin pump therapy with CGM. 
Patients wore Medtronic 530G or 630G insulin pumps and used the Medtronic 
Enlite CGM system. They also wore the Empatica Embrace device, which reported 
life-event data via a custom smartphone app and provided physiological data from 
a fitness band. Log entries were stored in 5-min intervals. In this dataset we have at 
least 53 complete days of data for each patient. These days are not necessarily con-
secutive nor the same days for all the patients. Each log entry contains the date and 
time, the BG value, the amount of insulin and the amount of carbohydrate intake 
as estimated by the patients. Additionally, the dataset includes: self-reported meal 
times with carbohydrate estimates; self-reported times of exercise, sleep, work, 
stress, and illness; and data from the Empatica Embrace band, which includes 1-min 
aggregations of GSR, skin temperature, and magnitude of acceleration. Both bands 
indicated the time they detected that the wearer was asleep, and this information is 
included when available. However, not all data contributors wore their sensor bands 
overnight. The population in this case has 83% of male patients with an average age 
between 33.33 ± 16.33 and 53.33 ± 16.33 years. The average number of days with 
data is 56.33 ± 2.06. Figure 8 shows the glucose level of the patients from this data-
set in the same way as in the What-if scenario.

For this dataset, we construct models with GE and MO-GE for the four prediction 
horizons PH = {30, 60, 90, 120} min. We also compare models with access to the 
information of WS = {60, 120} min before the time of predictions (see equation 3). 
In Figs. 9 and 10 , we analyze the differences in the multi-objective approach (MO-
GE) when compared to the single-objective (GE) for patients 567 and 584, taking 
into account the WS values for each figure. As in the previous section, these figures 
represent solutions in the multi-objective space, and each point represents a solution 
referenced by its coordinates (RMSE, CDE).

As can be seen, there are some cases where solutions obtained with historical val-
ues of ws = 60 min with GE are dominated by solutions generated with MO-GE, as 
seen in Fig. 9 for P584 ws = 60 and ph = 30 min. Besides that, there are other cases 
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where solutions obtained with MO-GE are dominated by solutions generated with 
GE, as seen in Fig. 9 for P567 with ws = 60 and ph = 120 min. The solutions are 
similar when using historical values of ws = 120 min. Figure 11 shows the results 
for patient 552 for both historical values. In this case, we find solutions in the Pareto 
front for both historical values and the different time horizons, so there is no domi-
nance between methods. Similar results were obtained with the rest of the patients in 
the dataset.

As well as in the What-if scenario, we compare the 24 different instances (6 
patients by 4 different time horizons) for both GE and MO-GE methods and for the 
two historical values. For historical values of ws = 60 min, in 18 out of 24 cases 
(75%), the solutions obtained with MO-GE dominate the solutions obtained with 
GE. For historical values of ws = 120 min, in 19 out of 24 cases (79.17%), the solu-
tions obtained with MO-GE dominate the solutions obtained with GE.

Table 3 shows the aggregated results for ws = 120 min for the single-objective 
(GE), the multi-objective (MO-GE) and the ARIMA approaches. For each time 
horizon, the percentage of predictions in zones A and B (A + B column), C, D and 
E are depicted and the bold figures highlight the best method. As in the What-if sce-
nario, the MO-GE algorithm reaches the best performance (in all horizons except for 
30 min, where ARIMA gets the best results) and returns the best global solutions.

In a similar fashion, MO-GE achieves the lowest percentage of points in zone E 
for all horizons. But if we look at the joint zone D + E, we find a different situation: 
MO-GE is only placed first in the 60 min horizon, GE is the best for the medium-
term (90 and 120 min) and the winner for the very short-term (30 min) is ARIMA.

Fig. 8  Histograms and boxplots describing the glucose level of the patients from the dataset used in the 
Agnostic scenario. The upper figure shows the percentage of time the patient has a very low glucose level 
(<54 mg/dl in dark red), low ([54,70) mg/dl in red), in range ([70,180] mg/dl in green), high ((180,250] 
mg/dl in yellow), and very high (>250 mg/dl in dark yellow). The numbers (from top to bottom) repre-
sent the percentage of time the patient has a glucose level >250 mg/dl, in range [70,180] mg/dl and <70 
mg/dl. The lower figure shows the interquartile ranges of glucose with mean values as red dots (Color 
figure online)
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It is interesting to analyze the complexity of the solutions in terms of number 
of parameters and length of the solutions. Figure 12 shows the results obtained for 
both the What-if and Agnostic scenarios. The figure represents the average RMSE 
for each number of parameters found in the solutions for both the GE and MO-GE 

Fig. 9  GE vs MO-GE (red and green dots) for patients 567 and 584 (rows 1,2 and 3,4) in the Agnostic 
scenario for all prediction horizons (30 and 90 min in left column, and 60 and 120 min in right column) 
and historical values of 60 min (Color figure online)
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methods (left-hand side of the figure) and also in relation to the length of the models 
(right-hand side of the figure). We have observed that solutions obtained with GE 
have a greater length, a greater number of parameters and a higher RMSE than solu-
tions obtained with MO-GE in both What-if and Agnostic scenarios. GE solutions 

Fig. 10  GE vs MO-GE (red and green dots) for patients 567 and 584 (rows 1,2 and 3,4) in the Agnostic 
scenario for all prediction horizons (30 and 90 min in left column, and 60 and 120 min in right column) 
and historical values of 120 min (Color figure online)
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have a high variability in both the number of parameters and the length of the 
solutions. The variability is lower for MO-GE. Therefore, solutions obtained with 
MO-GE are less complex than solutions obtained with GE, and solutions obtained in 
the What-if scenario are more robust in terms of RMSE.

In order to study how the different historical values WS = {60, 120} min con-
tributed to the models, a deeper analysis would be required to assess the statistical 
significance of the results. To carry out this task, we first created density plots using 
a Kernel Density Estimation (KDE) for the distribution of the samples. The objec-
tive is to visualize whether the data meets the conditions for a parametric test, which 

Fig. 11  Solutions coming from historical values (60 min in dot shape and 120 min in star shape) for 
patient 552 in the Agnostic scenario for all prediction horizons (30 and 90 min in left column, and 60 and 
120 min in right column) and both methods GE and MO-GE (red and green dots) (Color figure online)

Table 3  Percentage of predictions for Agnostic scenario with ws = 120 min and each zone of the CEG 
metric

Aggregated data of all the patients in the four time horizons. The figures reported in bold point out the 
best method for each horizon

Algorithm Horizon A + B C D E Horizon A + B C D E

GE 30 89.89 4.95 3.63 1.53 90 88.79 5.30 4.21 1.70
MO-GE 30 95.95 1.62 2.40 0.39 90 90.39 3.27 5.17 1.18
ARIMA 30 97.12 0.78 1.68 0.42 90 79.63 8.77 5.41 6.19
GE 60 89.10 5.29 3.93 1.67 120 88.08 4.98 4.40 1.54
MO-GE 60 91.68 3.23 3.85 1.05 120 91.77 1.72 6.07 0.44
ARIMA 60 88.58 4.33 4.27 2.82 120 75.90 10.82 5.89 7.39
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is not the case. Figure 13 shows the results obtained with GE and MO-GE for the 
RMSE objective in the Agnostic scenario results. Using Gaussian distribution, the 
variance is the same for all the cases. Data distribution is non-unimodal and a non-
parametric test is necessary. Similar results have been obtained with CDE, but are 
not shown for the sake of space. All the plots were obtained following the method 
explained in [5]. Then, we followed the Bayesian model of [4, 5] based on the Plack-
ett-Luce distribution over historical values and time horizons, taking into account 

Fig. 12  Analysis of the complexity of the solutions based on two criteria: the number of parameters and 
the length of the solutions. First row shows RMSE vs the number of parameters (left) and RMSE vs the 
length of the solutions (right) in the What-if scenario. Second row shows the results in the Agnostic sce-
nario (Color figure online)

Fig. 13  Density plots of the RMSE distribution for GE and MO-GE results for all the time horizons in 
the Agnostic scenario. The distributions are clearly non-unimodal and a non-parametric test is recom-
mended (Color figure online)



1 3

Genetic Programming and Evolvable Machines 

the two methods and objective functions. We used a significance level � = 0.05, with 
20 Monte Carlo chains and 4000 simulations. Figure  14 shows the probability of 
being the best method, denoted as probability of winning, and its standard deviation 
for the results obtained with GE and RMSE as objective functions. First, it can be 
seen that the prediction horizon ph = 30 min is the best, since both configurations 
with this horizon reach the highest probabilities of winning. Also, it can be seen 
that the historical value of ws = 60 min has the highest probability. Even so, as the 
confidence interval overlaps with the results obtained with historical value of ws = 
120 min, there is no statistical evidence that one method is better than the other. All 
the intervals for the rest of the time horizons overlap in the same way, and similar 
results have been obtained for the rest of the cases.

All the experiments were performed on an Intel(R) Core (TM) i7-7700CPU at 
3.60 GHz with 16 GB RAM Memory on Windows 10. Experiments were run with 
8 threads in parallel to benefit from all the core-threads of the computer without 
affecting performance and no other task running at the same time. The average time 
to obtain a model with GE is 6.51 min and 3.10 h for the MO-GE approach, almost 
29 times slower.

5  Conclusions

In this paper, which extends the work presented at the EvoStar 2020 Conference 
[10], we investigate the benefits and drawbacks of a multi-objective implementation 
of GE in the generation of models for BG prediction in diabetes patients. In particu-
lar, we implement a multi-objective GE based on the classic NSGA-II algorithm, 
which is guided by two fitness functions: RMSE and FCLARKE , which is a function 
designed following the CEG metric.

We have produced experimental evidence in two different scenarios: on the one 
hand, the What-if scenario, which takes into account future input data from the 

Fig. 14  Bayesian model of [6] to analyse the GE results with RMSE as objective function for the Agnos-
tic scenario
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prediction horizon in order to predict glucose values. Data from ten real diabetic 
patients were studied in this scenario, as in [10]. On the other hand, we have studied 
the Agnostic scenario, where no information about future events is available. In this 
case, data from six real patients from the OhioT1DM dataset [30] were studied.

Our results show that the multi-objective approach produces better models, 
reducing the number of predictions in the most dangerous zones of the CEG metric 
for both scenarios. These results are achieved due to the fact that the multi-objective 
approach has a better ability than the single-objective approach to traverse the dif-
ferent areas of the search space defined by the FCLARKE objective function. This is 
an important conclusion, since medical criteria is included in this function, which 
penalizes the models’ most dangerous mispredictions. In addition, we have also 
found that GE is able to obtain good results in terms of CEG for both scenarios, 
despite it not being considered an objective function. However, the multi-objective 
approach can be considered safer since the CEG metric is explicitly included, and a 
decision maker could examine non-dominated models and decide which one best fits 
a patient.

In addition to the new experimental results, we have performed a statistical analy-
sis of the results for the Agnostic scenario. According to our tests, there is no sta-
tistical evidence of significant difference between using historical values of 60 and 
120 min utes in terms of better models. Hence, Using historical values of 60 min is 
recommended since the complexity of the model is lower and the execution time of 
the algorithm is shorter, requiring only half of the data.

We are developing a framework, running in the cloud, to generate and deploy 
models via glucmodel.ucm.es and glucnet.ucm.es. This way, models generated with 
the methodology presented in this paper are directly applicable to daily clinical prac-
tice since mobile and web apps will have access to the predictions in the cloud, help-
ing the user to decide the dose of insulin and other future actions. As we previously 
explained, MO-GE generated models for What-if scenarios are practically useful for 
designing insulin or carbohydrate recommendation systems. Moreover, our models 
are useful for testing the potential modifications of treatments without risking the 
patients’ health. Agnostic models are useful when more smart devices are available. 
In particular we are working on a smart watch application that generates alarm sig-
nals when the patient is in at-risk situations.

Our procedures and models have been evaluated by the medical staff collaborat-
ing on the project and they have concluded that these can be useful for correcting 
and improving patients’ lifestyles and therapies. Subject to further clinical validation 
and regulatory approval, the applications we are developing have the potential to be 
useful for the daily management of diabetes in order to improve glycaemic control 
and increase patients’ quality of life and autonomy.

Our technique has the potential to be applied to other areas of medicine where a 
similar set of physical variables are available for measurement. For example, alerts 
for potentially dangerous heart rates can be generated by developing models based 
on the historical values measured by smart devices.

By applying our modelling technique, we can obtain white box models that can 
potentially be interpreted in terms of the variables used although perhaps not totally 
explainable in terms of physiological aspects of the body, the advantage being that 
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we do not need an initial model and the search is not limited to previously adopted 
models.

Our current work is focused on the refinement of the models. Datasets from 
real patients include many different input variables whose influence on the models 
changes. Therefore, an analysis of each variable’s contribution could help with the 
creation of more precise models, even for different times of day (e.g. morning, after-
noon and night).
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ABSTRACT
This paper proposes a method to obtain accurate forecastings of
the subcutaneous glucose values from diabetic patients. Statistical
techniques are applied to identify everyday situations of glucose
behaviors and discover glucose profiles. This knowledge is used to
create predictive models with genetic programming. The time series
of glucose values, measured using continuous glucose monitoring
systems, are divided into 4-hour, non-overlapping slots and clus-
tered using a technique based on decision trees called chi-square
automatic interaction detection. The glucose profiles are classified
using the decision variables in order to customize the models for dif-
ferent profiles. Genetic programming models created with glucose
values from the original dataset are compared to those of models
created with classified glucose values. Significant differences and
associations are observed between the glucose profiles. In general,
using profiled glucose models improves the accuracy of the pre-
dictions with respect to those of models created with the original
dataset.
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1 INTRODUCTION
Diabetes mellitus (DM) is a chronic disease of high prevalence in
the world population, which increases the morbidity and mortality
of people suffering from it, and causes a significant deterioration
in their quality of life [15]. According to estimates from the World
Health Organization [25], 422 million adults worldwide suffered
from DM in 2014, compared to 108 million in 1980. In general, we
can find two main types of diabetes:

• Type 1 diabetes mellitus (T1DM): the cells of the pancreas
do not produce insulin (a hormone that regulates the level of
sugar or glucose in the blood) due to an autoimmune process.
Currently, it requires the person to inject insulin or use an
insulin pump.

• Type 2 diabetes mellitus (T2DM): it results from an insulin
resistance so that the cells cannot use insulin properly. Some-
times it appears combined with an absolute deficiency of
insulin.

T2DM is the most common type of diabetes, while only 5% of
people have T1DM. However, all types of DM cause complications
in many organs of the body and increase the overall risk of prema-
ture death. Possible complications include, but are not limited to,
heart disease, strokes, kidney failure, leg amputation, loss of vision,
neurological damage, or foot ulcers [6, 9]. During pregnancy, if DM
is not controlled properly, it increases the risk of stillbirth and other
complications.

To avoid these complications, diabetics must control blood glu-
cose levels throughout their lives, trying to keep them at adequate
levels. This is quite complicated, especially in patients with T1DM.
When patients have a meal, they need to decide the units of in-
sulin to be injected in order to maintain healthy glucose levels. The
decision should be made based on many factors, but mainly the
patient should know the glucose level at that time, and estimate
the amount of food to be eaten, measured in carbohydrate rations.
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Therefore, the control of blood glucose in patients with T1DM re-
quires forecasting the future glucose values that depend on the
amount of food intake, insulin, and/or glucagon. From a scientific
point of view, this process is complex and is not clearly defined by
the variables involved. Fortunately, the latest advances in the field
of glucose modeling allow the partial automation of the process,
facilitating the task for diabetic patients.

This research is motivated by the challenge of creating a general
method to accurately predict future glucose levels so that an auto-
mated or manual system can decide when and how much insulin
to inject in order to maintain blood sugar levels within a healthy
range. At the same time, it is imperative to avoid predictions that
may trigger unnecessary treatments or, even worse, treatments that
are harmful to the patient [26].

In this paper, a methodology to obtain accurate predictors of
glucose using a three-step process is proposed. First, data is col-
lected from Continuous Glucose Monitoring (CGM) Systems, pre-
processed, and divided using a division criteria based on the behav-
ior of glucose time series under study. Second, data is clustered with
the objective of obtaining customized models for different glucose
profiles. Third, a training step is used to create ensemble predic-
tion models based on evolutionary computation. Those models will
be applied to forecast future glucose values. The main objective
of this research is to improve the predictions of glucose values
from previous works and to increase the time horizon of reliable
predictions.

The rest of the paper is organized as follows. Section 2 presents
the state of the art. Section 3 explains the methodology, describing
the techniques to model the glucose and to calculate the accuracy
and quality of the models. The experimental results are shown
in Section 4. The conclusions and future work are discussed in
Section 5.

2 STATE OF THE ART
A solution that has proven to be suitable for predicting glucose
levels is the use of algorithms based on Grammatical Evolution (GE)
[12]. However, one of the main obstacles training GE models is the
scarcity of significant amounts of data. As in many other fields of
medicine, the collection of data on real patients is very complex.
GE models trained with a small data set usually suffer from over-
fitting and have limited predictive power. To avoid this situation,
in [30] it has been proposed to increase the data records of glucose
with synthetic data that have good results. Other comparisons have
also been made between techniques related to GE, such as Genetic
Programming (GP) with strict selection. However, the latter has a
high execution time. Another solution that works well is presented
in [13] where models based on GP are used to make predictions up
to 120 minutes. Although there are some traditional approaches,
there is still much work to be done for predictions in horizons
exceeding the 60 minutes.

The authors in [4] propose an improved method for predict-
ing the patient’s blood glucose trend based on the minimal model
used in [27] where the parameters are obtained using a genetic
algorithm. Predictions are made for a 24-hours horizon. Leading
research groups on artificial pancreas have presented other person-
alized control approaches [10, 14, 19, 22] that follow the clinical

practice. Some proposals provide models for the average case [23]
and others for the particularities of each patient. Several papers ap-
ply traditional modeling techniques, resulting in models or profiles
defined by linear equations with a limited set of inputs [17, 24].

A work on GP-based induction of a glucose-dynamics model
for telemedicine is presented in [7]. The work aims to create a
regression model that allows the determination of blood glucose
values from interstitial glucose in patients with T1DM, using it
in a telemedicine portal. Blood glucose values in the database are
expanded using the Steil-Rebrin model [29]. To make the most
accurate estimates, the parameters of this equation are adjusted
using an evolutionary algorithm with root mean square error as
the fitness function.

3 METHODOLOGY
The proposed methodology is a three-step process:

• Data collection, preprocessing, and division.
• Data clustering and detection of a set of glucose profiles.
• Models training, creating models by evolutionary computa-
tion.

Figure 1 represents the diagram of the process.When a prediction
is requested, a profile is detected, then the predictor is selected and
applied to obtain the glucose prediction and eventually makes an
insulin dosing recommendation. These steps are explained below.

3.1 Data collection, preprocessing and division
Data from diabetic patients is collected using CGM Systems. Glu-
cose measurements every five to fifteen minutes are recorded with
the annotation of intakes and carbohydrate estimates, as well as
the insulin doses injected by the patients.

When collecting data with a CGM for long periods of time, it is
usual to find some missing data. To solve this problem as proposed
in [3, 11], the NA values are filled performing a correction of the
values using segmented spline interpolation of degree 3, where the
maximum number of consecutive NA values to be filled is one hour
[8]. In the case of insulin doses, a function to simulate the plasma
insulin dynamics after subcutaneous injection of insulin based on
Berger model is used [2]. Both methods are implemented with the
R free software environment for statistical computing and graphics
version 3.6.1 [28].

Data is divided according to a criteria that creates different glu-
cose profiles. The division criteria is based on the behavior of glu-
cose time series under study, such as splitting time series into 4-hour
non-overlapping slots or splitting taking into account food intakes
(i.e., breakfast, lunch, and dinner). In this research, the division crite-
ria have split data into days of the week and 4-hour non-overlapping
time slots. There are seven categories for the variable day of the
week and six categories for the variable time slot. The categories of
the variables are represented by letters and numbers, as shown in
Table 1. This criteria allows to easily implement a selection criteria
in the prediction phase. That is, knowing only the day and hour
of the prediction time, the system will be able to select the cluster
(profile) and consequently the predictor to apply to each situation.
Figure 2 shows a diagram of the data collection, preprocessing, and
division steps.
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Figure 1: Flow diagram describing the data clustering and models training.

Figure 2: Flow diagram describing the data collection, pre-
processing and division.

Table 1: Codes for the variables day of the week and time
slot.

Day of the week Identifier
Monday M
Tuesday T
Wednesday W
Thursday R
Friday F
Saturday S
Sunday U

Time slot Identifier
00:00h-04:00h 0
04:00h-08:00h 1
08:00h-12:00h 2
12:00h-16:00h 3
16:00h-20:00h 4
20:00h-24:00h 5

3.2 Data clustering
In this step, a clustering algorithm is applied to explore the data
and get hidden information. The objective is to obtain glucose
profiles to train specific models on each profile. So a cluster will
include all the glucose data assigned to a profile. Here, CHAID (CHi-
square Automatic Interaction Detection) implemented with the IBM
SPSS predictive analysis software version 23.0 [16] is applied to
recursively divide the data in relation to a target variable using
multiple divisions between the different input variables: days of
the week and time slots. A division must reach a threshold level
of significance (α = 0.05) using the independence test F -Snedecor
between the nominal values of the target variable and the branches,
if not the node is not divided. The Bonferroni setting is used for the
number of categorical values of the input variable, thus mitigating
the bias towards entries with many values. The search ends when
the algorithm can no longer join more branches or there are no
significant divisions. The last division is chosen as the solution.
Note that typically the last division is not the most significant
division examined.

For the construction of the decision trees, we use a maximum
tree depth of 3, a minimum number of cases in the parent node
of 100, and a minimum of 50 cases in the child node. Once the
classification is obtained, the groups of glucose values are selected
as training datasets.

Other clustering algorithms, according to the nature of the data,
will be applied in future work (e.g., K-means, K-shape, neural net-
works).

3.3 Models Training
This is the most extensive step. First, a data augmentation algorithm
[31] that generates synthetic glucose time series is used in training
datasets, to develop meaningful information as well as significantly
enhance data quality. Next, models based on evolutionary algo-
rithms such as GP or GE are created using cross-validation. In this
case, GP is selected as the evolutionary algorithm to create models
for the different datasets obtained in the previous step. Each model
is generated using the open-source software HeuristicLab version
3.3.15 [32].

GP [20] is used for solving a symbolic regression problem. The
models based on GP are generated using the time series of glucose,
insulin, carbohydrates, and a set of features added in periods of
time calculated using the following equation:

mean(X , t, ranдe) =

∑
t ∈ranдe (Xt )

n
, ranдe ∈ [t1, ..., tn ] (1)

The goal is to reduce the number of values used to generate the
models. For each time, t , the set of features F (t) that describe the
historical values Fhis of the time series (values of glucose G, in-
sulin I , and carbohydrates C) up to t , as well as the future values
Ffut of insulin and carbohydrates, are defined using the following
equations:

F (t) = Fhis(G, t) ∪ Fhis(I , t) ∪ Fhis(C, t)∪

Ffut(I , t) ∪ Ffut(C, t) ∪ {G, I ,C}
(2)

Fhis(X , t) = {mean(X , t, [−15, 0]),mean(X , t, [−30,−15]),
mean(X , t, [−45,−30]),mean(X , t, [−60,−45]),
mean(X , t, [−90,−60]),mean(X , t, [−120,−90]),

mean(X , t, [−150,−120]),mean(X , t, [−180,−150]),
mean(X , t, [−210,−180]),mean(X , t, [−240,−210])}

(3)
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Ffut(X , t) = {mean(X , t, [0, 15]),mean(X , t, [15, 30]),
mean(X , t, [30, 45]),mean(X , t, [45, 60]),
mean(X , t, [60, 75]),mean(X , t, [75, 90]),

mean(X , t, [90, 105]),mean(X , t, [105, 120]),
mean(X , t, [120, 135]),mean(X , t, [135, 150]),
mean(X , t, [150, 165]),mean(X , t, [165, 180]),
mean(X , t, [180, 195]),mean(X , t, [195, 210]),
mean(X , t, [210, 225]),mean(X , t, [225, 240])}

(4)

The set of terminals use the time series of glucose, insulin, carbo-
hydrates and constants. Each value is accompanied by a real value
weight that is initialized randomly using a Normal distribution,
N (µ = 1,σ = 1), and is randomly mutated by adding a sampled
value from N (µ = 0,σ = 0.05). Constants with real values are ini-
tialized randomly using a Uniform distribution U (−20.0, 20.0), and
the constant mutation adds a sampled value from N (µ = 0,σ = 1.0).

The set of functions used are: {+, −, ∗, /, loд(x), exp(x)}, where
the protected variants of the functions division and logarithm are
used [20]. The models in the initial population are generated using
Probabilistic Tree Creator [21] with a limit to the maximum depth
and the maximum number of nodes allowed for the trees. The same
depth and size restrictions are applied in the crossover andmutation
operations. The crossover uses a sub-tree crossover operator. The
mutation uses a variety of operators that replace a complete sub-set
of the tree with a tree initialized randomly, that mutate all the nodes
of the tree, or mutate only one node of the selected tree randomly.
The mutation operator selected randomly is executed after each
crossover operation with a different mutation rate. A maximum
number of generations and parents’ proportional aptitude selec-
tion is used. The objective function in all cases is calculated with
Pearson’s coefficient of determination R2 between the real blood
glucose values and the values obtained with the model [18]. The
selected prediction models are linearly scaled to minimize the sum
of the quadratic errors between those values. The parameters of
the GP were not tuned specifically for this task. Robust standard
configurations were applied.

The parameters selected for each model are the same. A pop-
ulation size of 1500 individuals, a maximum tree depth of 11, a
maximum number of generations and a maximum number of nodes
of 100, and a mutation rate of 0.15 are selected. Cross-validation of
10 iterations is used to create the models (10-fold cross-validation),
where each iteration is repeated 10 times.

3.4 Selection of the Best Models
Then, the best model of the 10 repetitions is selected by the Akaike
Information Criterion (AIC) [1]. This method is used to measure the
relative quality of models based on the entropy of information. It
provides a relative estimate of the information lost when a model is
used to represent the process that generates the data. The following
equation defines the criterion:

AIC = n · log(SE + 1) + 2(m + 1) (5)

where n is the sample size,m is the number of model parameters
and SE is the residual quadratic error, which is defined by:

SE =
n∑
i=1

(Xi − Yi )
2 (6)

where Xi is the real value i , and Yi is the estimated value i in the
prediction. One model for each time horizon and fold is selected
(the best model is the model with the lowest AIC value). Models
for the prediction of glucose values at intervals of 30 minutes for
a maximum of 4 hours are obtained (time horizons at 30, 60, 90,
120, 150, 180, 210 and 240 minutes). Then, an ensembler method is
used to create the predictor. This technique uses multiple models
created in the previous step and then combine them to produce
more accurate solutions than a single model would.

Finally, the predictor is selected to forecast future glucose values.
The data in this phase is classified into one of the clusters obtained
in the training phase. The predictor that has been obtained for this
cluster is selected and used to make the final prediction.

3.5 Parkes Error Grid
Parkes error grid method [26] is used to evaluate the accuracy of
the predictions for each time horizon. This method was published
in 2000 as an alternative to Clarke error grid [5]. These methods
were developed to calculate the clinical accuracy of CGM Systems
for the entire range of glucose values, using the differences between
the reference values and the values measured by the measurement
system. Analogously, it can be used to calculate the differences
between the values estimated in a prediction and the current or
reference values. The values are represented in a graph with Carte-
sian coordinates where the X-axis represents the reference values
and the Y-axis the values of the prediction, where Y = X is the
ideal prediction. The special feature of this representation is that
the graph is divided into five zones depending on the degree of
accuracy of the glucose estimates. The difference between the two
methods lies in the definition of the zones. In Parkes error grid, the
zones are redefined based on the zones of Clarke error grid and in
the limits established by 100 medical experts in diabetes in a survey
carried out in the American Diabetes Association Meetings in June,
1994. The new zones are defined as follows:

• Zone A: glucose values without effect on clinical action. The
estimates are accurate.

• Zone B: glucose values with alteration of the clinical action,
with little or no effect in the clinical treatment.

• Zone C: glucose values with alteration of the clinical action,
with probability of effects in the clinical treatment.

• Zone D: glucose values with alteration of the clinical action,
with probability of having a significant medical risk.

• Zone E: glucose values with alteration of the clinical action,
with probability of having dangerous consequences.

The goal is to maximize the predictions included in zones A and
B and minimize the predictions included in zones C, D, and E.

It should be noted that neither the data augmentation nor the
ensemble model in the training phase have been applied in this
paper. These two techniques will be used in future work.
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Table 2: Number of days and observations for each patient, and features of glucose values where mean is the average glucose,
std is the standard deviation, and T_G is the percentage of time that the glucose values are in each range (< 70 mg/dl, > 250
mg/dl and [70, 180] mg/dl or time in range).

Patient

1 2 3 4 5 6 7 8 9 10
Days 148 181 182 267 190 151 117 82 122 135
Observations 37854 49634 53964 65654 43007 40500 27756 18062 28156 32817
Mean [mд/dl] 157.67 145.44 143.46 150.47 139.17 142.58 176.33 135.34 146.82 166.13
Std [mд/dl] 62.25 64.02 45.45 56.70 67.93 60.08 68.35 46.11 59.82 86.12
T_G<70 [%] 4.48 8.33 2.14 4.12 14.17 10.08 3.65 4.85 7.54 9.33
T_G>250 [%] 7.31 6.18 2.26 5.14 7.10 4.44 14.28 1.84 5.20 16.16
T_G[70,180] [%] 37.57 41.83 49.18 41.29 41.89 41.21 27.07 54.06 39.49 35.69

4 EXPERIMENTAL RESULTS
In this research, two different methods were compared. The first
method is referred to as CHAID-GP in the paper. It consists of
models created with the general method explained in Section 3.
The second method corresponds to previous approaches, referred
to as GP in the rest of the paper. In this case, the division is not
used, and therefore no clustering algorithm is applied. GP models
are created with the original dataset; thus, there are no customized
models for different glucose profiles. The goal is to compare the new
general method with the traditional method used as the reference
method. Both methods are compared in terms of Parkes error grid
to evaluate the accuracy of the predictions for each time horizon.

Data was collected from a group of ten patients with T1DM.
Table 2 shows the number of days and observations of data for each
patient, as well as the mean, standard deviation and percentages of
time where the patient has glucose levels below 70 [mg/dl], above
250 [mg/dl], and in the range [70, 180] [mg/dl] known as time in
range. Patients have a high standard deviation. This is normal in
diabetic patients due to the disease and the diabetes control.

Table 3 shows the results obtained with the CHAID algorithm.
The final depth of the tree is 2, the number of nodes is 33, and the
number of terminal nodes is 23. The first predictor (variable) used
in the construction of the tree is the day of the week and the second
is the time slot. Significant differences are observed in the glucose
profiles classified for each of the categories of the independent
variables. In the first level, groups are made by the day of the week.
For example, patient 1 has four different glycemic patterns; one
for Tuesday, another for Thursday, another for Friday and one for
Monday-Wednesday-Saturday-Sunday, where the lowest value of
average glucose is for Friday (163.53±58.06mд/dl ) and the highest
is for Tuesday (179.01±71.15mд/dl ). In the second level, groups are
made by time slots. Colors separate the size of the groups at this
level. It should be noted that glucose values on Friday usually have
two different behaviors, one for the time period [20:00h-04:00h]
and another for the rest of the day.

Associations are also observed in the glucose profiles between
the categories of the independent variables. Associations for the
variable day of the week are formed by two, three and up to four
categories. The same happens for the associations found in the
variable time slot. The most common combinations for the variable
day of theweek are of one category. The least common ones arewith
four categories. The most common combination in the variable time
slot is of one category. The least common are with three categories

and four, although there are many more associations in time slots
than in days of the week. A comparison between GP and CHAID-GP
is made in Figure 3 and Figure 4. The ratio of predictions in zone
A+B for the different clusters of data is shown in Figure 3. In 154
out of 189 cases (81.48 %), models created with CHAID-GP are more
accurate (120 out of 189) or at least of equal accuracy (34 out of
189) than models created with GP. Moreover, in 16 cases CHAID-GP
predictions are the best for all time horizons. Figure 4 shows the
ratio between the values obtained in zone A+B for the time horizons
of models created with CHAID-GP and GP. It is observed that in
67 out of 80 cases (83.75 %), models created with CHAID-GP are
more accurate (59 out of 80) or at least of equal accuracy (8 out of
80) than models created with GP. Again, CHAID-GP predictions are
the best for all clusters in 2 cases.

Table 4 shows the predictions (in percentage) in the evaluation
phase obtained for the zone A+B with Parkes error grid for all time
horizons (except 210 and 240 minutes) and patients. The accuracy
of the models is analyzed under the assumption that the best model
obtains a higher percentage of values in zone A+B, and a lower
percentage of values in zones C, D, and E. This assumption is a con-
sequence of the meaning of the zones (see Section 3.5). In general,
the accuracy of predictions is better for shorter time horizons and
gradually gets worse as the time horizon increases from 30 to 240
minutes. Note that models created with glucose values classified in
categories with fewer elements obtained the best results. In 46 out
of 60 cases (76.67 %), models created with CHAID-GP are more ac-
curate than models created with GP. It is significant that for patient
9, all models created with CHAID-GP are better than those models
created with GP, and for 180 minutes, all patients (except patient 6)
have more accurate models created with CHAID-GP.

5 CONCLUSIONS AND FUTURE WORK
Significant differences (p-value < 0.05) and associations are ob-
served between the glucose profiles classified using the independent
variables day of the week and time slot. The accuracy of predictions
with models created with GP is better for shorter time horizons
and gradually gets worse as the time horizon increases from 30 to
240 minutes. In general, when using classified glucose values in
models created with traditional GP, the accuracy of the prediction
of the glucose values improves in comparison with those of mod-
els created with the original dataset. Significant differences found
in the classification process can be useful to correct and improve
habits or therapies in patients, and to obtain more accurate models
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Table 3: Results obtained with the CHAID algorithm for the groupings obtained with different days and time slots. Mean is
the average glucose, std is the standard deviation, and T_G is the percentage of time that the glucose values are in each range
(< 70mg/dl, > 250mg/dl and [70, 180]mg/dl or time in range). The colors in the time slot represent the number of elements in
the group: blue represents groupings of 1 element, green of 2, yellow of 3 and red of 4.

Mean Std T _G<70 T _G>250 T _G[70,180] Day of the week Time slot
[mд/dl ] [mд/dl ] [%] [%] [%]
Patient 1
170.62 61.36 2.22 10.45 57.56 MWSU 01 2 3 4 5
179.01 71.15 0.65 13.65 55.61 T 01 24 3 5
167.22 61.34 1.47 9.81 61.28 R 0 123 4 5
163.53 58.06 2.40 8.43 62.55 F 05 1234

Patient 2
146.28 59.40 6.13 5.08 68.67 M 0 1-2-4 3 5
153.53 58.96 4.42 6.31 67.77 T 0 1 2 3 4 5
158.70 63.25 4.92 9.36 61.93 WU 0 1 2-4 3 5
151.08 57.70 5.56 5.92 66.63 RS 0-4 1 2 3 5
148.46 56.29 4.56 5.37 69.56 F 0-2 1 3-5 4

Patient 3
141.65 43.21 2.45 2.02 80.95 MT 0-3 1 2-5 4
148.25 44.30 2.03 2.56 76.96 WU 0-1 2-3 4 5
154.49 51.03 0.76 4.92 73.06 R 0-2-3 1 4-5
139.46 42.90 1.92 0.96 81.83 F 0-2 1 3 4 5
135.85 38.38 1.59 0.53 85.33 S 0 1 2-3-5 4

Patient 4
162.95 58.68 2.96 8.50 61.49 MW 0 1 2 3 4-5
151.28 53.76 2.88 4.51 71.18 TF 0-2-3-4 1 5
157.20 57.62 2.90 7.42 66.88 RU 0-1-3 2 4 5
154.55 53.01 2.11 5.41 69.49 S 0-2-3-4 1 5

Patient 5
144.50 66.10 10.71 7.19 62.65 MF 0 1-3 2 4 5
148.19 65.68 8.46 8.11 63.67 TW 0 1-3-4 2 5
140.77 57.92 8.69 3.91 68.96 R 0-2 1 3 4 5
128.98 55.63 13.65 2.20 67.38 S 0 1-2-3-4 5
132.95 64.48 11.19 6.45 69.40 U 0-1 2-4 3-5

Patient 6
156.91 61.08 5.81 7.43 61.41 MTS 0 1 2-4-5 3
144.54 54.08 8.41 2.76 65.37 W 0 1 2-5 3 4
140.05 55.43 9.73 3.71 67.64 R 0 1 2 3 4 5
152.51 68.46 8.68 7.78 63.12 F 0-5 1 2 3 4
147.10 64.95 10.42 6.67 63.43 U 0 1-5 2 3 4

Patient 7
176.45 70.28 3.28 14.77 55.49 MS 0 1 2-4 3 5
170.80 64.61 2.06 10.96 61.07 T 0-1-2 3 4 5
179.45 67.80 3.08 15.08 50.18 W 0 1 2-4 3-5
161.55 60.39 3.40 8.71 62.60 RF 0-4 1-5 2-3
173.84 63.19 3.07 11.85 53.03 U 0 1-3-4 2 5

Patient 8
138.60 42.17 2.83 1.03 81.14 M 0-1-3 2-4 5
128.27 44.25 5.40 1.01 82.81 TWS 0-1-2 3 4-5
131.77 48.46 7.15 1.95 77.48 RF 0 1-4 2-5 3
143.04 45.81 6.04 1.58 74.85 U 0 1 2-3 4-5

Patient 9
145.90 55.31 7.17 4.83 66.65 M 0-1-2-3 4 5
150.42 61.20 6.23 6.74 66.93 TWSU 0-1 2 3 4-5
143.12 53.96 7.13 3.09 69.57 R 0-1-4-5 2 3
155.23 62.26 3.25 7.84 66.36 F 0-3-5 1 2 4

Patient 10
177.30 76.22 4.58 14.29 48.78 M 0-2 1-3-5 4
168.56 78.29 7.84 15.96 52.72 TF 0 1 2 3 4 5
163.74 76.13 10.45 14.86 51.35 W 0 1-3-5 2 4
181.96 85.28 6.77 21.44 46.92 RU 0 1-2 3 4 5
190.48 90.48 4.89 23.50 45.24 S 0-1 2 3-5 4

through automatic learning techniques and artificial intelligence.
The results obtained will facilitate the mathematical modeling of
glucose, and can be used for the creation of an individualized clas-
sifier for each patient.

Future work will divide glucose time series into different meals
of the day (i.e., breakfast, lunch, and dinner) and clustered using
K-means algorithm. Models based on GE created from the original

dataset will be compared to those of models created with classified
glucose values, in the task of prediction glucose values for different
horizon times, as well as additional comparisons to make the work
even more robust. The complete general method explained in this
paper will be applied.
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(a) patient 1. (b) patient 2. (c) patient 3. (d) patient 4. (e) patient 5.

(f) patient 6. (g) patient 7. (h) patient 8. (i) patient 9. (j) patient 10.

Figure 3: Ratio of models with better predictions (higher values in zone A+B) for different clusters of data. Labels in the Y-
axis identify clusters accordingly to table 3, columns day of the week + time slot. Dark gray segments indicates that the best
prediction is made by CHAID-GP while light gray means a better model from GP.

(a) patient 1. (b) patient 2. (c) patient 3. (d) patient 4. (e) patient 5.

(f) patient 6. (g) patient 7. (h) patient 8. (i) patient 9. (j) patient 10.

Figure 4: Ratio of models with better predictions (higher values in zone A+B) for the different time horizons of data. Dark gray
segments indicates that the best prediction is made by CHAID-GP while light gray means a better model from GP.
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Table 4: Predictions (in percentage) obtained for the zone
A+B with Parkes error grid for GP models, and the average
percentage forCHAID-GP models.Green values indicate bet-
ter solutions for CHAID-GP.

Model t+30 t+60 t+90 t+120 t+150 t+180
Patient1
GP 95.14 94.70 94.44 94.62 92.54 91.02
CHAID-GP 96.32 96.10 95.28 93.53 91.77 92.17
Patient2
GP 89.81 90.89 87.33 83.59 71.75 72.32
CHAID-GP 90.45 90.36 90.43 89.77 91.03 91.37
Patient3
GP 96.77 95.21 95.94 96.86 98.08 97.66
CHAID-GP 96.04 97.06 96.66 96.95 97.03 97.66
Patient4
GP 91.19 64.60 92.94 89.87 92.50 93.42
CHAID-GP 93.74 93.13 92.16 91.98 92.64 94.06
Patient5
GP 87.60 81.89 85.87 79.72 89.28 85.50
CHAID-GP 86.18 86.21 85.99 83.20 85.09 86.03
Patient6
GP 89.20 85.61 85.68 85.79 88.62 91.57
CHAID-GP 90.46 88.65 89.22 88.11 86.92 90.03
Patient7
GP 89.56 87.97 89.52 87.59 91.29 91.24
CHAID-GP 91.22 90.57 92.76 91.96 91.44 92.60
Patient8
GP 88.95 92.94 92.38 94.05 93.41 86.33
CHAID-GP 91.27 92.50 93.84 90.55 92.69 88.84
Patient9
GP 87.23 86.45 85.27 82.40 79.73 90.03
CHAID-GP 91.55 90.81 90.03 85.51 92.17 90.55
Patient10
GP 89.39 80.98 80.87 78.53 84.79 86.77
CHAID-GP 86.91 84.08 85.71 83.65 86.66 88.06
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Abstract. In this paper we investigate the benefits of applying a multi-
objective approach for solving a symbolic regression problem by means of
grammatical evolution. In particular, we continue with previous research
about finding expressions to model the glucose levels in blood of diabetic
patients. We use here a multi-objective Grammatical Evolution approach
based on NSGA-II algorithm, considering the root mean squared error
and an ad-hoc fitness function as objectives. This ad-hoc function is
based on the Clarke Error Grid analysis, which is useful for showing the
potential danger of mispredictions. Experimental results show that the
multi-objective approach improves previous results in terms of Clarke
Error Grid analysis reducing the number of dangerous mispredictions.

Keywords: Grammatical Evolution · Multi-objective optimization ·
Glucose prediction · Diabetes

1 Introduction

Symbolic Regression (SR) is one of the most well known applications of Genetic
Programming (GP) and its variants such as, Grammatical Evolution (GE). The
purpose of SR is to obtain close forms that represent a set of data points, i.e.
to get an equation that best adjusts its shape to the data representation. The
applications of SR are uncountable, since this process involves a lot of areas in
the data analysis, modeling, classification and identification domains.

Health care is one of the fields where the mentioned domains are becom-
ing more and more important. In this regard, one of the diseases with higher
increases in prevalence is Diabetes Mellitus (DM), or simply Diabetes1. Diabetes
1 The International Diabetes Federation estimates around 415 million diabetic patients

[17] (rising from 108 million since 1980), which is about 8–10% of prevalence on adults
over 18 years, and it is the seventh leading cause of death in 2016, with 1.6 million
deaths directly caused by diabetes and 2.2 million additional deaths attributable to
high blood glucose.
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is a chronic disease caused by a defect either in the production or in the action of
the insulin generated by the pancreatic system, corresponding to the two main
types of Diabetes: Type 1 (T1DM) and Type 2 (T2DM).

The pancreas in patients with T1DM is not able to produce enough insulin to
process the sugar produced after the food ingestion. Hence, the patients need to
inject some additional artificial insulin with each meal, and sometimes between
meals, to maintain healthy levels of glucose. In the case of T2DM patients, the
insulin produced by the pancreas is not working properly, in a phenomena known
as insulin resistance. In advanced stages of the disease, many T2DM patients
need also to inject some insulin.

This task can be performed following two different alternatives. The first one
is through a Continuous Subcutaneous Insulin Infuser (CSII) device, also known
as insulin pump. This device can be programmable and adjusted to adminis-
trate the desired amount of insulin on different instant times. The other option
are Multiple Insulin Doses (MID). In both alternatives, the decisions about the
amount of insulin to be injected are challenging and have to consider many
factors. Selecting the right amount of insulin is critical. If too much insulin is
injected, hypoglycemia may occur, while insufficient injections keep glucose lev-
els too high. The goal is to maintain the blood glucose levels within the target
range most of the time, usually between 70 and 180 mg/dl [20]. It has been shown
that when these values are not maintained or there is high variability then both
short-term and long-term complications can emerge.

Control of blood glucose in insulin-dependent patients requires predicting the
future glucose values to determine the amount of insulin to inject. This amount
depends on many factors, but, above all, the patient should account for four
of them: (i) the glucose value at the time of injection; (ii) the estimate of the
amount of food ingested, usually measured in carbohydrate rations; (iii) the
insulin previously injected; and (iv) the estimate of the ratio of how much is still
active in the body. Making all these estimates manually is a complicated process
that has to be done several times every day. Fortunately, recent advances, in both
devices and algorithms, allow automating some parts of this control process.
There are different kinds of blood glucose control strategies [11]: manual, semi-
automated [24] and automated solutions based on the artificial pancreas [1]. For
all of them, it is extremely important to develop mathematical models or artificial
intelligence systems to describe the interaction between the glucose system and
the insulin using the measurements and stored data.

In this paper we investigate a multi-objective approach for modeling glucose
and construct predictive models from the short term (30 min) to the medium
term (120 min) time horizons. We use GE with two objectives: Root Mean
Squared Error (RMSE) and an adapted fitness, which is based on the Clarke
Error Grid (CEG) metric [2]. The main contribution of the paper is to show that
the development of a problem-specific fitness function considerably improves the
quality and the robustness of the GE algorithm as a SR tool. Experimental
results show how our proposal improves previous works that also apply GE.
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The rest of the paper is organized as follows. In Sect. 2, we review the previous
work. In Sect. 3 we explain the multi-objective approach. Section 4 gives details
about the data set and discuss the results, comparing with previous work and
analyzing the contribution of the multi-objective approach. We finish the paper
with the conclusions, in Sect. 5.

2 Related Work

The problem of modeling and predicting glucose levels and glucose-insulin inter-
action modeling has been an intensive area of research for the last ten years.
We will focus in predicting glucose levels for a forecasting horizon of up to two
hours, to be an aid in the daily management of insulin. Two hours is usually the
time needed to decide if the dose of insulin after a meal was correct. Hidalgo et
al. proposed the application of GE to obtain customized models of patients. The
proposal has been tested using in-silico patient and real patients data [11]. The
work has been extended recently on [23] and [12], where it is shown that data
augmentation and structured GE increases the quality of the prediction results.

Inspired by Hidalgo’s group works, Contreras et al. presented a hybrid model
for predicting glucose in the mid-term (120 min) for T1DM patients [4]. The
system uses synthetic data generated by the UVA/PADOVA simulator [13]. Both
the fitness function of the evolutionary grammar and the performance metrics use
a penalty factor to take into account the physical damage caused by deviations
in blood glucose prediction according to the CEG. The authors generate four
models for each patient corresponding to different phases of the day: night,
breakfast, lunch, and dinner. The data obtained for the night phase are quite
good; however, results with data of real patients have not been reported. In this
work, we use a multi-fitness approach instead of a penalization function, which
is more appropriate for a multi-objective problem.

Although more centered in the classification, i.e. prediction of a class instead
of a glucose value, there are other interesting works. For instance, in [18], the
authors developed a method for predicting postprandial hypoglycemia using a
classification approach with machine learning techniques personalized to each
patient. They show the process to generate a hypoglycemic prediction model by
Support Vector Classifier machines (SVC) for bi-class classification, trained and
tested using scikit-learn. They use the hypoglycemia risk as a feature and as a
class-labeling factor. The results demonstrate an acceptable performance for all
patients (in terms of specificity an sensitivity) and the feasibility of predicting
postprandial hypoglycemic events from a classification perspective. In [22], dual
mode adaptive basal-bolus advisor based on reinforcement learning is presented.
Authors proposed and Adaptive Basal-Bolus Algorithm (ABBA) which provides
personalised recommendation for the daily insulin doses using the information
of the previous day. Regarding the level of customization of the models, some
proposals provide models for the average case [14], and others model the par-
ticularities of each patient. Several papers apply classical modeling techniques,
resulting in models or profiles defined by linear equations with a limited set of
inputs [15].
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The treatment for subjects with T1DM uses rates of basal insulin delivery,
insulin to carbohydrate ratios and individual correction factors, typically from
observations of the endocrinologist. However, those models are often inaccurate,
since clinical data in T1DM are not extensive enough to identify the exact models
[25]. There are also some models, used in artificial pancreas systems or closed-
loop control models, that try to emulate the action of the pancreas [5]. They
are based on the assumption that it is possible to reach a reasonable control
with approximate models, provided that the model is related to the control
objective [8]. Experimental results suggest that these approaches, due to the
lack of accurate individualized models, have a significant risk of an excessive
insulin administration and, therefore, the possibility that blood glucose levels
fall to hypoglycemia zone. Our evolutionary models try to avoid this situation.

De Falco et al. [6] presented a work on GP-based induction of a glucose-
dynamics model for telemedicine. The work aims to create a regression model
that allows the determination of the blood glucose value from the interstitial
glucose in patients with T1DM with the idea of using it in a telemedicine portal.
The work is divided into two parts. In the first part, the aim is to expand the
blood glucose values in the database using the Steil-Rebrin model [21]. To make
the most accurate estimation, the parameters of this equation are adjusted using
an evolutionary algorithm with the RMSE as the fitness function. Since there
are many more estimated blood glucose values than actual values, a correction
factor must be applied to avoid deviations in the extraction of the model.

The work that we present here extends those works based on GE, and explores
the use of a multi-objective approach, based on the Non-dominated Sorting
Genetic Algorithm (NSGA-II) [7], applied to real data from diabetic patients.
We are interested not only in the specific problem, but also in the performance
of the multi-objective implementation. We expect with this work to integrate
the different possibilities of using GE for short term and medium term glucose
prediction in diabetic people.

3 Description of the Problem

Our objective is to construct an insulin-carbohydrates recommendation tool. So,
we construct predictive models that help us on evaluating those recommenda-
tions. Predictive models should use information that we can collect in standard
daily conditions. More precisely, we collect the following data:
– Interstitial glucose using a Medtronic Continuous Glucose Monitor System

(CGMS) the device which gives us observations every five minutes.
– Notes of estimated carbohydrate units ingested, taken by each patient.
– Insulin injected using an insulin infuser device from Medtronic, which registers

injections of both basal and bolus insulin every five minutes.
Once all the information has been collected, we process the data to fill up

gaps using cubic splines and to match all the events to the closest timestamp in
order to construct a set of matched time series, corresponding to glucose, insulin,
and carbohydrates values. We also process the set of features available at the
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time of modelling. At each time point, t, data from up to two hours before are
available for prediction and we use also the information of the meals and insulin
injected from the time of prediction to the prediction horizon H. From them, we
define the following set of features2, as we made in [11]:
– Actual glucose value at prediction time, t: G(t),
– Glucose measured 15 min before t: Gt−15(t),
– Glucose measured 30 min before t: Gt−30(t),
– Glucose measured 45 min before t: Gt−45(t),
– Glucose measured 60 min before t: Gt−60(t),
– Glucose measured 75 min before t: Gt−75(t),
– Glucose measured 90 min before t: Gt−90(t),
– Glucose measured 105 min before t: Gt−105(t),
– Glucose measured 120 min before t: Gt−120(t),
– Actual grams of carbohydrates ingested at prediction time, t: C(t),
– Sum of grams of carbohydrates ingested in the last 30 min: Ct−30(t),
– Sum of grams of carbohydrates ingested from time t− 31 to t− 60: Ct−60(t),
– Sum of grams of carbohydrates ingested from time t− 61 to t− 90: Ct−90(t),
– Sum of grams of carbohydrates ingested from time t−91 to t−120: Ct−120(t),
– Actual units of insulin injected at prediction time, t: I(t),
– Units of insulin injected in the last 30 min: It−30(t),
– Units of insulin injected from time t − 31 to t − 60: It−60(t),
– Units of insulin injected from time t − 61 to t − 90: It−90(t),
– Units of insulin injected from time t − 91 to t − 120: It−120(t),
– Sum of grams of carbohydrates ingested from t to t + H: Ct+H(t), and
– Units of insulin injected from t to t + H: It+H(t).

For each time horizon H ∈ {30, 60, 90, 120}, find an expression for ̂Gt+H(t)
given by Eq. (1), that minimizes the objective functions RMSE and FCLARKE .

̂Gt+H(t) = ft+H(Gt−120(t), Gt−105(t), Gt−90(t), Gt−75(t), Gt−60(t), Gt−45(t),
Gt−30(t), Gt−15(t), G(t), It−120(t), It−90(t), It−60(t), It−30(t), I(t),
It+H(t), Ct−120(t), Ct−90(t), Ct−60(t), Ct−30(t), C(t), Ct+H(t))

(1)
RMSE is a usual fitness function when adjusting data by SR, shown in Eq. (2).

As a second objective function, we have defined FCLARKE as shown in Eq. 3,
which follows the CEG criterion used to test the clinical significance of differences
between a glucose measurement technique and the venous blood glucose reference
measurements [2].

In this regard, CEG considers a grid divided into five zones (A to E) depend-
ing on the severity of the misprediction. The values that fall within zones A
and B are clinically exact and/or acceptable and thus the clinical treatment will
be correct. We consider A and B as a unique category with no contribution to

2 When constructing prediction models that help in the recommendation, we can use
variables (features) that include the information involved in the recommendation
process and thus be able to use them effectively. This does not mean that we use
information from the future.
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Eq. 3. In zone C values can be dangerous in some situations. Although less dan-
gerous as D and E zones, we should try also to minimize predictions in these
zones, so predicted points in these zones contribute a value of 1 to Eq. 3. Finally
Zones D and E represent potentially dangerous areas, since the prediction is far
from being acceptable and the indicated treatment will be different from the
correct treatment. Each prediction in zone D adds 10 to Eq. 3, while predictions
in zone E add 100. The inequalities and conditions of Eq. 4 delimit these zones
accordingly to [2].

RMSE =

√

√

√

√

1
N

N
∑

i=1

(Gt+H(ti) − ̂Gt+H(ti))2 (2)

FCLARKE =
N

∑

i=1

wi (3)

where wi = is computed by:
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⎪
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⎪
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100 if ( ̂Gt+H(ti) ≥ 180) ∧ (Gt+H(ti) ≤ 70)

100 if ( ̂Gt+H(ti) ≤ 70) ∧ (Gt+H(ti) ≥ 180)

10 if (180 ≥ ̂Gt+H(ti) ≥ 70) ∧ (Gt+H(ti) ≥ 240)

10 if ((180 ≥ ̂Gt+H(ti) ≥ 70) ∧ (Gt+H(ti) ≤ 175
3 ))∨

(( ̂Gt+H(ti) ≥ 6
5 × Gt+H(ti)) ∧ (70 ≥ Gt+H(ti) ≥ 175

3 ))

1 if ( ̂Gt+H(ti) ≥ Gt+H(ti) + 110) ∧ (290 ≥ Gt+H(ti) ≥ 70)

1 if ( ̂Gt+H(ti) ≤ 7
5 × Gt+H(ti) − 182) ∧ (180 ≥ Gt+H(ti) ≥ 130)

(4)
Our proposal is a multi-objective approach of GE [19]. We use the same

approximation and grammars of [23], where the interested reader can find more
details about applying GE for the creation of models. As it is well known, the
GE method is powered by an evolutionary computation algorithm, usually an
adapted implementation of a genetic algorithm or a particle swarm optimization
algorithm. There exist some other multi-objective implementations as [9]. How-
ever, we have used our own library, which is publicly available through GitHub,
as we will later explain.

Here we use also a bi-objective approach, using Eqs. 2 and 3 as fitness func-
tions. As evolutionary engine we have applied NSGA-II, which is perhaps the
most effective way of optimizing and searching solutions to multi-objective prob-
lems with evolutionary computation when dealing with 2 or 3 objectives. One of
the important questions for selecting a multi-objective approach is to study the
fitness functions, i.e. the objectives. Although the objectives may work in the
same direction, it is not desirable that both measure similar features. Fitness
functions should guide the algorithm through the search space in different man-
ners, although with a common search. This is the case for Eqs. 2 and 3 where
both try to minimize the error and to obtain solutions with a 100% of predictions
in zones A and B.
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Figure 1 represents an extract of the grammar in Backus-Naur Form (BNF)
format designed for finding a predictive model of future glucose levels. This is
a typical grammar for symbolic regression adapted to the variables and features
explained above. It is a recursive grammar and the operators are reduced to
addition, subtraction and multiplication based on the conclusions of [16] an our
previous experimental experience.

func > ::= <expr >

<expr > ::= (<expr > <op> <expr >) | (<cte > <op> <expr >) | <var >

<var > ::= <varch > | <varins > | <vargl >

<op> ::= + | - | *

# Glucose
<vargl > ::= G_{t -120}(t) | G_{t -105}(t) | G_{t -90}(t) | G_{t-75}(t) | G_{t

-60}(t) | G_{t -45}(t) | G_{t-30}(t) | G_{t-15}(t) | G(t)

# CH
<varch > ::= C_{t -120}(t) | C_{t -90}(t) | C_{t-60}(t) | C_{t-30}(t) | C(t) |

C_{t+H}(t)

# Insulin:
<varins > ::= I_{t -120}(t) | I_{t-90}(t) | I_{t -60}(t) | I_{t-30}(t) | I(t) |

I_{t+H}(t)

<cte > ::= <factor > * <digit >
<factor > ::= 0.1 | 0.01 | 0.001 | 0.0001 | 1
<digit > ::= 0 | 1 | 2 | 3 | 4 | 5 | 6 | 7 | 8 | 9 | 10

Fig. 1. Grammar for glycemic modeling.

4 Experimental Results

The implementation of the multi-objective GE (MO-GE) algorithm was made
in Java, and the code is publicly available at the GitHub repository called
JECO, which stands for Java Evolutionary Computation library, described in
[10]. As stated before, we have created this multi-objective approach by inte-
grating NSGA-II as optimization engine. Table 1 summarizes the configuration
of the evolutionary engine for the MO-GE approach.

Ten T1DM patients (n = 10) have been selected for the observational study,
based on conditions of good glucose control. Data from patients were acquired
over multiple weeks using the devices explained in Sect. 3. Log entries were stored
in five-minute intervals. In this data set we have at least 10 complete days of
data for each patient. These days are not necessarily consecutive nor the same
days for all the patients. Each log entry contains the date and time, the blood
glucose value, the amount of insulin (injected via pump), and the amount of
carbohydrate intakes as estimated by the patients. The population characteri-
zation is female (80%), average age 42.30± 11.07, years of disease 27.20± 10.32,
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Table 1. Configuration of the evolutionary engine.

Properties for the multi-objective GE algorithm

Grammar gr120bvr.bnf

Objectives = 2 # FCLARKE

# RMSE

Normalized data No

Genetic operators

Tournament size 2

Population size 400

Crossover probability 0.75

Mutation probability 0.01

Chromosome length 300

Number of generations 400

Maximum number of wraps 5

years with pump therapy 10.00 ± 4.98, weight 64.78 ± 13.31 kg, HbA1c average
of 7.27 ± 0.50%. The average number of days with data is 44.80 ± 30.73. Table 2
shows the number of data points and the main descriptive statistics for the data
set. Statistics include the percentages of time that patient’s glucose are in a
healthy range ([70–180] mg/dl), on hyperglycemia values (>250 mg/dl) and in
hypoglycemia (<70 mg/dl). This a common way of evaluating the quality of the
management of glucose in diabetics. The greater the time in range ([70–180]
mg/dl), the better.

In Figs. 2, 3, 4, and 5 we analyze the differences of the multi-objective app-
roach (MO-GE) when compared to the mono objective (GE), using the results of
all 10 patients. All figures represent solutions in the multi-objective space. Each
point represents a solution referenced by its pair (RMSE vs Number of points
in zones C, D and E). First, Fig. 2 shows the solutions obtained with both a
single-objective GE evolution approach using the RMSE value as fitness func-
tion (red points) and the solutions obtained with the MO-GE approach (green
points) for two selected patients (Patients 2 and 10). As it can be seen, the use
of the proposed fitness function FCLARKE as an additional objective improves
the fitness of the solutions, not only for the new fitness function, but also in
terms of RMSE. We can also observe that all the solutions generated by GE are
dominated by solutions generated with MO-GE. Moreover, the distribution of
the solutions suggest that our MO-GE is more robust than the GE, since we
find most of the solutions close to the approximation to the Pareto front. This
is observed for all the 4 time predictions horizons. Similar results were obtained
with the rest of the patients.
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Table 2. Descriptive statistics for the data sets for all ten patients. Values in range
180–250 are (100% – Time glucose<70 –Time glucose>250 – Time in range70−180).

Patient Data

points

Average

(mg/dl)

Std. deviation

(mg/dl)

Time glucose

<70mg/dl

Time glucose

>250mg/dl

Time in range

[70–180] mg/dl

1 4018 157.67 62.25 4.48% 7.31% 37.57%

2 23534 145.44 64.02 8.33% 6.18% 41.83%

3 23821 143.46 45.45 2.14% 2.26% 49.18%

4 20090 150.47 56.70 4.12% 5.14% 41.29%

5 8036 139.17 67.93 14.17% 7.10% 41.89%

6 12628 142.58 60.08 10.08% 4.44% 41.21%

7 6888 176.33 68.35 3.65% 14.28% 27.07%

8 6027 135.34 46.11 4.85% 1.84% 54.06%

9 5740 146.82 59.82 7.54% 5.20% 39.49%

10 4305 166.13 86.12 9.33% 16.16% 35.69%

Figures 3 and 4 show the distribution of the solutions in the multi-objective
with both approaches. As expected the error and the number of points in danger-
ous predictions zones increases with the horizon of prediction. However, solutions
are restricted to a limited area of the graph (maximum RMSE by maximum num-
ber of points in zones C, D and E). It is also important to note that, although
there are some non dominated solutions with a very low number of points in
zones CDE, those are not necessarily the best ones. Let us for example analyse
the solutions for a 120 min horizon, patient 5, with the lowest value of CDE
in the graph (the magenta colored points close to the y axis around the point
[71, 7]). Of course this solution is very precise, however the predictions that are
bad could be very dangerous for the patients, since as the RMSE indicates, the
deviation from the correct prediction should be very high. When selecting the
final model or predictor, the decision maker should take these particularities
into account. Another interesting feature that can be extracted from Figs. 3 and
4 is that the longer the prediction horizon, the worse the RSME value, which
is consistent with the intuitive idea of difficulty of prediction for long horizons.
However, this situation is not happening with CEG. Notice, for instance, that
a small set of solutions from the 120 min horizon are located close to the CDE
value of 10, which is really small. This means that, despite those solutions having
a high RSME value (around 70), the predictions are well located in terms of the
grid defined by CEG, which provides a good CDE value. Besides, it can be seen
that the width of the solutions set from the 120 prediction horizon is the highest,
and the width is reduced as the prediction horizon is shortened. This means that
good CDE values can be reached in every horizon (as well as bad ones), and this
variability is reduced with the reduction of the prediction horizon. These facts
prove that both objectives are not proportional and hence, the multi-objective
approach is correct.
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Fig. 2. Distribution of the solutions in the multi-objective space for solutions obtained
with both a single-objective GE evolution approach using the RMSE value as fitness
function (red points) and the solutions obtained with the MO-GE approach (green
points) for two selected patients (Patients 2 and 10), for all time horizons. (Color
figure online)
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Fig. 3. Distribution of the solutions in the multi-objective space for the different solu-
tions obtained for Patients 1 to 5 with the MO-GE and GE approaches. Each color
represents a time Horizon. (Color figure online)
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Fig. 4. Distribution of the solutions in the multi-objective space for the different solu-
tions obtained for Patients 6 to 10 with the MO-GE and GE approaches. Each color
represents a time Horizon. (Color figure online)
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Fig. 5. Distribution of the solutions in the multi-objective space for the different solu-
tions obtained for Patient 5 with the MO-GE and GE approaches. Each color represents
the solutions obtained with one of the folds of the 10 folds cross validation strategy.
(Color figure online)
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An additional analysis is made on Fig. 5 where we can see the distribution
of the solutions in the multi-objective space for Patient 5 with both approaches,
mono (GE) and multi-objective (MO-GE). Each color represents the solutions
obtained with one of the folds of the 10 folds cross validation strategy for a
prediction horizon. Two questions arise from them. First, some of the fold are
more difficult to solve than others, and a deeper study of the data should be done
in order to improve the algorithm, for instance, detecting some kind of pattern
and seeing when the MO-GE works better as proposed in [3]. In addition, MO-
GE was able to find very good solutions for one of the folds, which seem to
be one of the most difficult having in consideration the solutions reported by
the GE algorithm. Table 3 shows the aggregated results for both the single-
objective and multi-objective approaches, GE and MO-GE, respectively. For
each time horizon, the percentage of predictions that go into zones A or B
(A+B column), C, D and E is depicted. Again, the MO-GE algorithm reaches
the best performance, reducing predictions in the most dangerous zones D and
E for short term predictions, 30 and 60 min. For medium term predictions (90
and 120 min), sum of D and E points are very similar on average, however MO-
GE finds better global solutions. Results were tested for statistical significance
and we found differences in the number of points in zones D and E, where the
multi-objective approach reduces the most dangerous predictions. Experiments
were performed on an Intel(R) Core (TM) i7-7700CPU at 3.60 GHz with 16 GB
RAM Memory under Windows 10. Experiments were launched with 8 threads in
parallel to benefit from all the cores-threads of the computer without affecting
performance and no other task running at the same time. The average time for
obtaining a model with GE is 390.37 s and 11164.61 s for the MO-GE approach,
almost 29 times slower.

Table 3. Percentage of predictions for each zone of the CEG metric. Aggregated data
of all the patients in the four time horizons.

Algorithm Horizon A+B C D E Horizon A+B C D E

GE 30 92.81 1.26 5.31 0.60 90 92.96 1.24 5.22 0.56

MO-GE 30 95.70 2.38 0.95 0.97 90 91.77 2.37 4.66 1.20

GE 60 93.19 1.23 5.00 0.59 120 90.76 1.35 6.96 0.91

MO-GE 60 94.39 1.85 3.24 0.52 120 90.35 2.93 5.01 1.70

5 Conclusions

In this paper we investigated the benefits and drawbacks of a multi-objective
implementation of grammatical evolution for constructing models of glucose. In
particular we implemented a GE algorithm combined with NSGA-II guided by
two fitness functions: RMSE and another designed to follow the principles of
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Clarke Error Grid. Results shows that the multi-objective approach gives better
models reducing the number of predictions in the most dangerous zones.
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