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Abstract — The number of Diabetes Mellitus cases has
constantly grown in recent decades around the world. Thus,
numerous mathematical and agent-based models have been
proposed to shape the human glucose-insulin regulatory system
and its ultradian oscillations. However, the most current models
do not have the ability to learn constantly in order to increase the
prediction of human blood glucose from 30 minutes to
approximately 8 hours. In order to contribute to the
improvement of these mechanisms, this research project presents
an autonomous reactive model to inputs such as physical activity,
quantity and type of insulin, as well as food intake, in order to
predict the oscillation of glucose concentration in the human
bloodstream for approximately 8 hours in type 1 diabetic
patients. The main property of the proposed model is to combine
a discrete modeling approach, agent-based model, with
continuous model to form a hybrid model. This model is based on
the schematic diagram of the human glucose-insulin regulatory
system, and each agent within the physiological process will
follow a mathematical model to characterize its functions and
interactions. The use of agents representing, for example, the
pancreas and its alpha and beta cells, tends to facilitate the
process of learning from the variable’s values related to each
patient, and deliberation of which of them should be re-fed into
the mathematical model (differential equations). The end result
tends to identify the behavior of each type 1 diabetic with their
respective glucose variation for 8 hours and create recurrent and
subjective recommendations.
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1. INTRODUCTION

Current society has changed their lifestyle with the increase
of sedentarism associated with the consumption of
industrialized foods with high energy density. The number of
the diabetes cases has tripled in the USA since 1990 [3] and
reach more than 16 million in Brazil [11]. Public policies
aimed at adults, children and adolescents, associated with a
model that can facilitate the circadian routine of a diabetic are
necessary and emerging to reduce the advance of this chronic
disease [6]. The ease of access to software in devices with low
computational capacity may facilitate the integration of
diabetic patients with a model capable of predicting the
oscillation of glucose in the bloodstream [9]. In fact,

users/patients from different places with specific diseases are
encouraged to perform most of their checks through a software
or device [5].

The nature of the human organism necessitates a model that
mimic this dynamic exchange of information across its
components. In our research project, we typically link
descriptions of human glucose-insulin regulatory system
(HGIRS) described in Fig. 1. In Fig. 1, the solid lines denote
production/consumption of a substrate (glucose or insulin),
dotted lines denote inhibition by a substrate, and dashed lines
denote encouragement by a substrate. Ingested food, for
example carbohydrates or fat, is converted to glucose, which
the human body uses to supply their processes . Glucose also
stimulates pancreatic B-cells to produce insulin [9]. However,
note here that there isn’t connection between pancreatic B-cells
and insulin in this diagram because is a HGIRS from type 1
diabetic (T1D). In the case of T1D, the pancreas is incapable of
producing insulin, and so healthy glucose levels can only be
maintained through the injection of external insulin. It is not
possible to induce stable glucose oscillations under these
conditions, but we can determine how much insulin is required
to keep glucose within range of 80-120 mg/dl of the blood in
the human bloodstream [9]. In our research project, we
involved a dichotomy about insulin concentration in
bloodstream: identify which type (basal or fast-acting) and
quantify what insulin is needed to maintain glucose levels in
the appropriate range in bloodstream (80-120 mg/dl), during all
day long.
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Fig. 1. Human glucose-insulin regulatory system (HGIRS): T1D

The central nervous system (CNS) processes glucose
without insulin, whereas insulin enhances glucose uptake by
muscle and fat cells. Thus, when blood glucose (BG) levels are
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high or before daily meals, insulin infusion by injection is
necessary to stimulate glucose uptake and to slow the
production of further glucose from the liver [9]. When BG
levels are low, the most part of the time is necessary to ingest
food and the liver’s production of glucose speeds up. This
feedback loop helps to keep a person’s BG levels in a state of
oscillatory homeostasis [9].

ABMs are discrete models that utilize individual entities
known as agents, here representing individual organs and
hormones represented in Fig. 1. Each agent is autonomous and
behaves based on decisions from the set of rules, interactions,
and states given to it, leading the heterogeneity among agents.
Agents can receive inputs from environment, influencing their
decision making, and can also have the ability to alter their
environment. The models that combine aspects of both
continuous and discrete model are commonly referred to as
hybrid models [4]. Hybrid ABSs arise when continuous models
are used to describe part of overall model, such as the
environment and parts of decision-making processes.

Computational models are used in living organisms in order
to understand, translate and predict their behavior. When
building our hybrid model represented in Fig. 2, four different
areas could be considered: (1) how to construct a model —
create a mathematical formulation that is able to recapitulate
the dynamics of a human glucose-insulin regulatory system
(systemic part of a living organism), (2) how to solve a model —
determining the most efficient way to solve the underlying
mathematics [4], (3) how to analyze models - calibrate and
validate the model and then make and understand model
predictions [4], and (4) agent-based model (ABM) -
responsible to learn and store the individual parameters from
each patient, to characterize the behavior from them and re-fed
into mathematical model.

Hybrid model
Building.
indivual Solving
(equations)

Fig. 2. Considerations for building our hybrid model

We focus this research to build a Hybrid Agent-based
Model where an ABS (discrete) is informed by differential
equation models (continuous), operating at same environment
(organism): HGIRS. The use of continuous models is to
describe the dynamics of the HGIRS and agent-associated
reactions that occur at the same space and scale, and influence
agent decision-making processes.

A. Current research

With no known cure for diabetes, lifelong treatment is
generally the only option. T1D patients must monitor their BG
levels throughout the day and take corrective action whenever
they are hyper or hyploglicemic [14]. There has been a recent

of interest in human BG prediction due to its role in closed
loop control for the artificial pancreas [5]. This research upon a
foundation of previous models of the human glucose and
insulin system, based only on differential equations but not
with the focus of prediction, but on immediate
recommendations [9][10]. However, the Artificial Intelligence,
but exactly the Machine Learning has helped improve the
prediction of glucose in human blood. In [14], the focus of the
research was on the prediction of 30 minutes and also
hypoglycemia only, using physiological and regression models.

Compared with the models already created, the our model
aims to predict the glucose level in T1D patients for 8 hours
simply because of the average sleep time of a patient in order
to avoid nocturnal hypoglycemia. The joint use of the
mathematical model to simulate the SRGI and the constant
calibration of the values of the parameters through the agents,
as the insulin sensitivity, tends to facilitate the prediction.

II. METHODOLOGY

The method adopted in the development of the present
work is the Applied Research based on the hypothetical-
deductive approach, using references available in the
specialized literature for the definition of the problem,
specification of hypotheses and analysis of such hypotheses
[13]. The proposed model is specified by means of a prototype,
based on agents and differential equations, that allows the
validation of the hypotheses that serve as basis for the design
of the model.

The first phase of this work consists of a seven-step study.
The first is the study of articles referring to endocrinological
medicine [10][16]. The second focuses on the construction of
mathematical models, but specifically differential equations, in
order to replicate the behavior of HGIRS. In this step the
Matlab software is used, so with your fsolve feature. The third
step is based on the analysis of the various functionalities of
ABS:s in order to understand the possible advantages of its use
in a HGIRS [17]. The fourth step focuses on the study of how
an ABS can be applied to simulate a HGIRS, as well as in
combination with the continuous part (differential equations).
The fifth step is based on the verification and study of the
programming language named Jason. Jason is to develop the
ABS which allows its implementation, and evaluation in a
simulation environment with support for communication
between agents. The sixth stage focuses on the construction of
the final model, with the objective of predicting the oscillation
of glucose in the blood of a T1D patient, using our hybrid
model. Finally, the seventh step consists in calibrating the
model with some T1D patients, in order to measure to the
accuracy in the reached values. Initially, the calibration will be
with only one T1D patient. In the last step, the T1D patient can
use modern devices for continuous monitoring of blood
glucose level.
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III. HYBRID MODEL

A. Mathematical model

The glucose concentration (G) can increase via two
pathways: ingestion and endogenous production [9]. Initially,
we only model glucose release from ingestion, which we
represent by the glucose intake rate Gin. We make this term
periodic (in the case of multiple daily meals) (1) with ultradian
glucose oscillations. In this way, we can consider
carbohydrates and fat when are consumed, each one with
different metabolism to generate glucose into HGIRS.
Primarily, we model glucose from the liver, commonly called
hepatic production (HGP), and we make this term constant (1).

The glucose concentration (G) can decrease via two
pathways, namely: utilization by the Central Nervous System
(CNS) and utilization by muscle and fat cells [9]. Glucose
utilization by the CNS does not depend on insulin
concentration; these cells will use all of the glucose available to
them up to a threshold [9]. Equation (1) primarily uses this
term constant (CNSGU). On the other hand, muscle and fat
cells, do rely on the presence of insulin to take up glucose;
thus, we represent their consumption with the product
fI(G@)*f2(I(1)). Here we arrive at the first complication that
diabetic illness introduces; the muscle and fat cells from people
with TIDM depends on external insulin to take up glucose
from the bloodstream as easily as the corresponding cells of a
person without diabetes [9]. The scaling factor g accounts for
this; u can take values from 0 to 1, with corresponding to no
ability for muscle and fat cells to take up glucose (T1D), and 1
corresponding to the glucose uptake ability of a person without
diabetes. The additional factor, [1+(E-Em)] (1), accounts for
the positive effect of exercise on insulin sensitivity [7]. Here, E
corresponds to minutes of physical activity (MPA) per day, as
defined by [12]. 60 minutes per day of MPA (Em = 60) is
considered average; any less than this decreases glucose
tolerance and any more increases glucose tolerance.

There is only one pathway by which the insulin
concentration can increase in TI1D: insulin infusion [fin
(external) (2) because T1D does not have insulin production
from pancreatic B-cells. We make this term periodic (in the
case of multiple insulin infusion before daily meals) (2) with
ultradian glucose oscillations. We let the insulin infusion rate
Iin be a periodic term since only make sense if glucose intake
is also periodic. Finally, there is one significant way for insulin
concentration to decrease, which is through metabolism by
human insulin-degrading enzyme (IDE) [1]. As an enzymatic
reaction, we quantify insulin degradation with Michaelis-
Menten kinetics using the term VmaxlI(z) / (Km+I(t)) (2). Here,
Vmax is the maximum insulin clearance rate and Km is the
enzyme’s half-saturation value [18].

We can represent these processes mathematically by:

G’= Gin + HGP — CNSGU -u[1+(E-Em)] *f1((Gt)) *12(I(t))(1)

I'=lin — (VmaxI(t) / Km+I(1)) 2)

This mathematical model provide the framework upon
which we base our analysis of human glucose and insulin
dynamics [9]. We are in the development phase of the
functions f1 and f2, to represent the consumption of glucose in
relation to the application of insulin.

B. Agent-Based Model (ABM)

The agent-based model within our hybrid model works
cooperatively using the BDI model (Belief, Desire and
Intention) [19]. The proposed model has as important
characteristic: the ability of communication between all the
agents that compose it. The cooperation between agents is an
important feature used in a way that is implicit in the model
plans. The proposed model is not purely reactive because
agents, in addition to continuously responding to
environmental changes (HGIRS), try to systematically achieve
their goals calling their functions. A knowledge base (KB) is
used by each agent in order to store information needed to
achieve individual goals and model goals [19].

The diagram described in Fig. 3 represents the agents that
make up the HGIRS, and their possible state and actions. In
addition, there are resources that can be inserted or released by
the agents, such as glucose and insulin. For the model to be
effective, it must assure some essential accuracy characteristics
for data obtained based on information entered by the
user/patient, such as BG value (mg/dl), amount of carbohydrate
and fat ingested, type and time of physical exercise, besides the
types and quantity of each insulin (basal and fast effect).
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Fig. 3. Agent-based model diagram

In a predictive way, the proposed model aims to guarantee
these characteristics by means of the agents (organs and
hormones), representing the HGIRS. The model can to store
the inserted values from user and to maintain the accuracy of
the glucose oscillation curve in the blood, for at least 8 hours.
An agent can accumulate knowledge based on previous
experiences and, consequently, perform a task more efficiently
than in previous executions [8]. The behavior of the agents,
their actions, the relationship between them and their
respective function calls are based on differential equations.
From the learning curve of each patient, the predictive values
reached in the BG oscillation curve tend to be more precise, so
that the agents feed the model, and consequently to the
variables of the differential equations.
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We are in the development phase of the ABS to represent
the HGIRS based in differential equations and to predict the
behavior of concentration of glucose in human blood. There
are many well-known agent languages that combine
declarative and imperative features (hybrid approach).
Primarily, we define to use Jason [2], that is an interpreter,
for an extended version of AgentSpeak(L) [15]. Jason was
chosen due to be fully customisable in Java and to have a
clear notion of the agent-based environment, in our case the
HGIRS.

IV. CONCLUSIONS

With this research project, we have proposed a hybrid
model (discrete and continuous) to predict the oscillation of
glucose in the bloodstream of T1D. This model aims to
replicate fundamental behaviors of the HGIRS, in order to
better understand and predict the model behavior as a whole.
The main idea is that, through the minimum of
possible information provided by the user/patient, as well as
type and quantity of food, insulin and exercise, to know with
accuracy the oscillation of glucose levels in T1D for at least
8 hours. The use of an ABS, being that each component of
HGIRS is an agent, tends to facilitate the process of storing
the values in an individualized way and reusing them.
Through the model, a personalized treatment can be
suggested for each user/patient, so that the glucose levels
remain between 80-120 mg/dl of blood, cooperating with the
current medical recommendations.

In this way, T1D patients with the possession of this
model can have the freedom to live with more tranquility,
especially in moments of sleep, avoiding hyperglycemia and
hypoglycemia.

REFERENCES

[11 AUTHIER, F.; POSNER, B.; BERGERON, J. Insulin-degrading
enzyme. Clin. Investig Med. 19 (3), 149-160. 1996

[2] BORDINI, R.; HUBNER, J.; WOOLDRIDGE, M. Programming
Multi-Agent Systems in AgentSpeak using Jason. Wiley. 2007.

[3] CENTERS FOR DISEASE CONTROL AND PREVENTION.
Diabetes Data and Trends.Technical Report, US Department of
Health and Human Services, CDC, NationalDiabetes Surveillance
System, Atlanta, GA. URL: ( www.cdc.gov/diabetes/statistics) 2012.

[4] CILFONE, N. A.; KIRSCHNER, D. E.; LINDERMAN, J. J.
Strategies for Efficient Numerical Implementation of Hybrid Multi-
Scale Agent-Based Models to Descrribe Biological Systems. Cellular
and Molecular Bioengineering, Vol. 8, pp. 119-136. 2015.

[S] COBELLI, C., RENARD, E., KOVATCHEYV, B., Artificial pancreas:
past, present, future. Diabetes 60 (November (11)), 2672-2682. 2011.

[6] DANEMAN, D. Type | diabetes. Lancet 367 (March (9513)), 847—
858, URL:( http://www.ncbi.nlm.nih.gov/pubmed/16530579) . 2006.

[71 DEVLIN, J. T. Effects of exercise on insulin sensitivity in humans.
Diabetes Care 15 (November (11)), 1690-1693, URL
<http://www.ncbi.nlm.nih.gov/pubmed/1468302>.

[8] HAMMOUD, D.; MAAMRI, R.; SAHNOUN, Z. Machine Learning
in an Agent: A Generic Model and an Intelligent Agent Based on
Inductive Decision Learning. Journal of Artificial Intelligence, 4. pp.
29-44.2011.

[9] KISSLER, S.; CICHOWITZ, C.; SANKARANARAYANAN, S;
BORTZ, D. Determination of personalized diabetes treatment plans

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

using a two-delay model. Journal of Theoretical Byology 359, pp.
101-111. 2014.

LI J,; KUANG, Y.; CLINTON, C. Modeling the glucose—insulin
regulatory system and ultradian insulin secretory oscillations with two
explicit time delays. Mason Department of Mathematics and
Statistics, Arizona State University, Tempe, AZ 85287-1804, USA
Received 4 January 2006; received in revised form 9 March 2006;
accepted 3 April 2006 Available online 18 May 2006.

MINISTERIO DA SAUDE. Available in:
<https://www.endocrino.org.br/numeros-do-diabetes-no-brasil>.
Access in: Oct. 10 2017.

NELSON, R.K., HOROWITZ, J.F., HOLLEMAN, R.G., SWARTZ,
AM., STRATH, S.J., KRISKA, A.M., RICHARDSON, C.R. Daily
physical activity predicts degree of insulin resistance: a cross-
sectional observational study using the 2003—-2004 National Health
and Nutrition Examination Survey. Int. J. Behav. Nutr. Phys. Act. 10
(January (1)). 2013.

PEREIRA, J. P. A. Método de mitigacdo contra ataques de negacado
de servigo distribuidos utilizando sistemas multiagentes.Access in:
<http://www.teses.usp.br/teses/disponiveis/3/3141/tde-18032015-
155642/pt-br.php>. 2014.

PLIS, K., BUNESCU, R., MARLING, C., SHUBROOK, 1J.,
SCHWARTZ, F. A Machine Learning Approach to Predicting Bllod
Glucose Levels for Diabetes Management. Modern Artificial
Intelligence for Health Analytics: Papers from the AAAI-14. 2014.

RAO, A. S. AgentSpeak(L): BDI agents speak out in a logical
computable language. In Proceedings of Modelling Autonomous
Agents in a Multi-Agent World, number 1038 in LNAI, pages 42-55.
Springer Verlag, 1996.

SIMON, C., WEIBEL, L., BRANDENBERGER, G. Twenty-four-
hour rhythms of plasma glucose and insulin secretion rate in regular
night workers. Am. J. Physiol. Endocrinol. Metab. 278 (March (3)),
E413-E420, URL: http://ajpendo.physiology.org/content/278/3/E413.
2000.

WEERDT, M.; MORS, A.; WITTEVEEN, C. Multi-agent Planning
An Introduction to planning and coordination. 2005. Available in:
<http://www.st.ewi.tudelft.nl/~mathijs/publications/easss05.pdf>.
Access: Sept. 28 2011.

WANG, H., LI, J.,, KUANG, Y. Enhanced modelling of the glucose—
insulin system and its applications in insulin therapies. J. Biol. Dyn. 3
(January (1)), pp. 22-38. 2009.

WOOLDRIDGE, M. An Introduction Multi Agent Systems. Wiley, 2°
ed. 2009.



