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MONITORING SYSTEM FOR YOUNG DIABETES PATIENTS

The article describes the structures for monitoring the health status of patients with diabetes mellitus.
Many systems are known for measuring and monitoring blood sugar levels. The list of tasks they solve
includes monitoring blood glucose levels and physical activity, diet and insulin consumption. The
capabilities of the Internet of Things (IoT), information and communication technologies and machine
learning can help reduce the cost of healthcare and the organization of online medical services. Methods
such as predicting blood glucose levels and simulating blood glucose dynamics are important in developing
technologies for monitoring patients with diabetes. Increasing access to patient data has paved the way
for the adoption of machine learning and its use in diabetes management. Machine learning's ability to
solve complex problems has contributed to his success in the study of diabetes. The number of patients
with diabetes mellitus among children is growing in the world, therefore, the observation of young patients
is one of the hot topics. Therefore, this review aims to find the optimal structure for monitoring the health
status of young patients with diabetes mellitus.
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Introduction. The healthcare industry is constantly evolving and offers a wide range of
research opportunities. Development is carried out using technologies and applications of
the Internet of Things (IoT). They combine information and communication technologies
(ICT), sensors, big data sets, machine learning techniques, and artificial intelligence. New
technologies are used for continuous monitoring of patients with chronic diseases, the
number of which has been increasing in recent years [1].

Machine learning methods allow with high accuracy to automatically determine
mathematical models of these dependencies from the obtained arrays of interdependent
quantities, as a result of which it is possible to predict the development of the disease and
the patient's condition with high accuracy based on various psychological factors and
parameters of vital activity. Models expose dependencies between inputs and outputs.

Chronic diseases require long-term treatment. Patients with chronic diseases usually
spend long periods of time in the hospital for daily follow-up. Diabetes mellitus is a chronic
disease associated with dysfunction of the pancreas that occurs when the correct levels of
insulin are not produced (type 1 diabetes, T1D) or the body does not use insulin properly
(type 2 diabetes, T2D) [1].

The main concern of a patient with diabetes mellitus is to constantly monitor blood
glucose levels. Methods for controlling these levels are divided into three: invasive,
minimally invasive and non-invasive [2]. The invasive method is one of the most used
approaches because it provides the most accurate results in direct contact with the patient's
blood. Finger pricking is a traditional procedure in this method. Measurements must be
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carried out in a strict cleaning regime, otherwise infections may occur [2, 3]. Body fluids
such as saliva, urine, sweat, or tears have been studied as non-invasive glucose tests, but
they cannot be used to continuously monitor glucose levels.

Review of known technical solutions. The article [4] describes a system of long-term
monitoring of glucose levels in the subcutaneous tissue in a small group of people with
diabetes. It uses a fully implanted first-generation sensor prototype / telemetry system.
The devices remained implanted for 180 days, with signals transmitted every 2 minutes to
external receivers. The proposed system demonstrates its ability for continuous long-term
glucose monitoring.

The article [5] proposes a blood glucose monitoring system using a Wireless Body Area
Network. One part of this network is the meter sensor, which measures the approximate
concentration of glucose in the blood. The system uses an Arduino Uno board and a Zigbee
module. The results of the study show that remote monitoring of patient glucose can be
achieved using desktop, mobile and web applications. One of the disadvantages of the
proposed system is that it is not energy efficient. This is due to the high power consumption
of the Arduino Uno board and Zigbee module.

Three main components of an loT-based health monitoring system: a network of
sensors, gateways connected to the Internet, support for cloud and big data (Figure 1). The
data collected by users from the connected sensors will be available to caregivers, family
members and authorized persons, which will allow them to check the vital signs of the
subject at any time from anywhere [6].

Figure 1 — General health monitoring system based on [oT [6]

The article [ 7] presents the architecture of the monitoring system for patients with diabetes
mellitus. The system architecture consists of three main components: sensor modules, data
acquisition module and database server. In this system, sensors collect information about
the user's vital functions and transmit it via Bluetooth to a mobile application. The mobile
app sends this data to the database via 4G or Wi-Fi. The monitoring system analyzes the
data collected from the sensors. When the system detects an abnormal situation, the doctor
will be notified to look at the mobile application and determine its cause.

The article [8] presents a deep learning model that is able to predict glucose levels with
high accuracy. A multilayer convolutional recurrent neural network (CRNN) architecture
was used to predict glucose levels (Figure 2). The architecture of a convolutional recurrent
neural network consists of three parts: a multilayer convolutional neural network; recurrent
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neural network (RNN) with long-term short-term memory (LSTM) cells and fully
connected layers. LSTM shows good performance in forecasting time series with long time
dependences [9]. The convolutional recurrent neural network model is implemented using
the TensorFlow library.

Figure 2 — CRNN architecture for glucose prediction [8]

The article [10] presents a mobile application showing data about a patient and indicators
of his health. The patient receives consultations depending on the state of health.

Proposed monitoring system. Based on the study of the structures contained in the
articles discussed above, it is possible to propose a generalized (universal) system for
monitoring the health status of young (children and adolescents) patients with diabetes
mellitus.

The monitoring system records various health-related actions of users. The main idea
of the system is to collect data on the vital functions of patients with diabetes using sensors
and analyze this data for an individual rehabilitation program. Machine learning methods
can be used to predict future changes in health status.

It is proposed to take as a basis the structure of a general health monitoring system based
on [oT in article [6] and the architecture of a monitoring system for patients with diabetes
mellitus in article [7]. The system can be improved by adding other patient indicators
(glycated hemoglobin level, blood fructosamine level) that can be useful in predicting blood
glucose levels. The main stages of the proposed system can be divided into four stages
(Figure 3).

Figure 3 — Stages of the monitoring system
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The authors recommend using the following sensors: a glucose meter for measuring
glucose levels and a fitness bracelet for measuring physical activity. To measure the physical
activity of the patients, the Xiaomi Mi Band 5 fitness bracelet was chosen, and to collect
glucose data, the iPro2 MMT-7745WW continuous glucose monitoring system, the Enlite
MMT-7008A glucose sensor, the Enlite MMT-7510 sensor insertion device and the dock
will be used -station (Figure 4). The data from the sensors are transferred to a database and
analyzed to compile an individual rehabilitation program.

Figure 4 — a) Enlite MMT-7008A; b); b) Docking station; c) Enlite MMT-7510;
d) iPro2 MMT-7745WW; ¢) Xiaomi Mi Band 5

Fitness bracelet Xiaomi Mi Band 5 can measure the patient's pulse, activity (number of

steps, calories), stress level (Figure 5). The data is stored in the Mi Fit mobile application with
the ability to export for analysis. Figure 6 shows data from glucose monitoring devices.

Figure 5 — Data of the Mi Fit mobile application: a) heart rate; b) steps
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Figure 6 — Data from Medtronic iPro2

A prototype of a mobile application will be developed that allows receiving data on the
user's vital functions from sensors, information entered by the user (gender, height, age,
etc.) and a personalized rehabilitation program. Glucose prediction is based on a machine
learning method. The mobile application serves as a tool for monitoring the health status of
patients with diabetes.

A personalized rehabilitation program for patients with diabetes is physical activity and
exercise. Children and adolescents with type 1 and 2 diabetes should engage in moderate
to vigorous aerobic activity for 60 minutes a day or more to strengthen muscles and bones
at least three days a week [11]. Weight loss reduces the risk of cardiovascular disease and
improves glycemic control [12].

Conclusion. The article showed that by integrating sensor devices with a monitoring
system, it is possible to collect and analyze a complete history of data on the user's vital
functions (heart rate, number of steps and blood glucose level). Work continues to predict
blood glucose levels based on the user's vital functions collected by sensor devices. The
development of a new system is aimed at using it for the treatment and monitoring of the
health status of young patients. It is expected that the results of this study will be used by
patients with diabetes mellitus.
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KAHT JUABETI BAP )KAC MMAIIMEHTTEPII BAKBLIAY ) KYHECI

Maxanaoa kanm ouabemi bap nayuenmmepoiy OeHCayIbIK HA2OAUbIH OAKbLIAYObIH KYPbLIbIMOADb
cunammanean. Kanoazvl kanm oeneetiin onuieyee dicone 6aAKbLIAY2a ApHANAH KOnme2eH Jicylienep deneini.
Onap wewemin mancolpmanapobiy miziMine KaHOagvl 21I0K03A OeH2elliH HCIHe PUIUKATLIK OellceHOIKMI,
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ouemanvl Jcane UHCYIUHHIK KaObLi0anyvin 6akwliay Kipedi. 3ammap earammopuvinviy (loT), aknapammulk-
KOMMYHUKQUYUATILIK  MEXHON02UANAPObIY JHCIHE MAUUHANLIK  OKbIMYOblY MYMKIHOIKmepi OeHcaynvlk
cakmay MeH OHAQUH MeOUYUHATbIK Kbl3Memmepol YiublMOacmulpyoazsl wbleblHOapobl momenoenyee
MYMKIHOIK Oepedi. Kanoagvl 2noko3a 0eneetiin 60micay Heane OHblY OUHAMUKACHIH MOOeNbOe)y CUSKMbL
20icmep Kanm ouabemi 6ap nayueHmmepoi OAKbLIAY MEXHOLO2USLIAPbIH KYPACMbIPYOd MaKbl30bl 00~
avin madwinaovl. Ilayuenmmep mypanst oepexmepee Ko HCemiMOLNiKmMiy apnybl MAwUHANbIK OKbINTYO0bl
eHeizyee dcane onvl Kaum ouabemin emoeyoe Konoamnyea xicon awimol. Mawunansly oxuinyobly Kypoeni
Macenenepdi weuty Kabinemi OHblY KaHm Ouabemin 3epmmeyoeci dicemicmikmepine bIKNaui emmi.
Onemoe banranap apacelnoa Kawm ouabemi 6ap nayueHmmepoiy camnvl apmvin Keieoi, COHObIKMAH HCAcC
Haykacmapowl 6aKwliay e3ekmi maxslpbinmapowviy 0ipi 6onvin mabwinadvl. COHOLIKMAH, OYI WOy KAHM
Juabemi bap sncac nayuenmmepoiy OCHCAYIbLK HCALOAUbIH OAKBLIAY YUliH OWMALLTbL KYPbLILIMObL Madyed
bazvimmanaan.

Tyitinoi cos0ep: xanm ouabemi, 2n0K03a Oeqeelin baKvliay, 3ammap 2anammopsl, MAUUHATIBIK
OKbINY.
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CUCTEMA MOHUMTOPHHI'A IOHBIX TAIIUEHTOB
C CAXAPHBIM JUABETOM

B cmamue onucanvl cmpykmypol KOHMpPOIs COCMOsHUA 300PO8bS NAYUEHMOG C CAXAPHBIM OUADEMOM.
H36ecmuo MHodIcecmeo cucmem 05 usMepenus U KOHMpOoIs yposHs caxapa é Kpogu. Ilepeuens peuiaemvix
UMU 3a0ay GKIIOUAEM 6 ce0si KOHMPOTb YPOGHSL 2NIOKO3bL 8 KPOSU U (PU3UUECKOU aKMUGHOCMU, OUembl u
nompebaenus uncyruna. Bosmooicnocmu unmepnema geweii (IoT), ungopmayuoHno-koMMyHUKAYUOHHBIX
MEXHON02ULL U MAUUHHO20 00VUEeHUs NO360IAIOM CHU3UMb 3AMPamvl HA 30PABOOXPAHEHUEe U OP2aAHU3A-
yuro oHnauH-meouyurckux ycaye. Takue memoovl, Kak npoeHO3UPOBAHUE YPOGHS 2NIOKO3bl 8 KPOGU U MO-
oenuposanue ee OUHAMUKY, UMEIOM 8AJICHOe 3HAYeHUe NPU PA3PabomKe MmexHON02Ull 0I5l MOHUMOpUH2d
nayueHmos ¢ caxapuvlm ouabemom. Yeenuuenue 0oCmyna Kk OGHHbIM O NAYUEHMAX NPOJOACUNO HYMb K
6HEOPEHUIO MAWUHHO20 0OYYeHUsl U UCNOTb30BAHUIO €20 6 NedeHuu ouabema. CRocoOHOCmb MAUUHHO2O
00yueHUs peulams CLOJICHbIE 3a0ayU CHOCODCBO8ANA €20 YCheXaM 6 u3yueHuu ouabema. B mupe pacmem
YUCTIO NAYUEHTNOB C CaXapHbiM Ouabemom cpedu demetl, NOIMoMY HabI00eHUe 3ad MOTOObIMU NAYUESHMA-
MU A61Aemcs O0HOU U3 aKmyanoHulx mem. Iloomomy dannuiii 0630p HAnpaeien Ha NOUCK ONMUMATLHOU
CmMpyKmypul 0151 MOHUMOPUH2A COCTOSIHUSL 300P08bsL MOLOObIX NAYUCHINOE C CAXAPHBIM OUAOETOM.

Kniouesvie cnosa: caxapnulii ouabem, KOHMpoOnb YposHs 21i0Ko3bl, Mumepnem eewjell, Mauwiunuoe
obyuenue.



