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FITNESS TRACKER DATA ANALYTICS

The health status of patients is recorded in various sources, such as medical records, portable devices (smart watches,
fitness trackers, etc.), forming a characteristic current health status of patients. The goal of the study was the develop-
ment of medical card software for the analysis of data from fitness bracelets. This will provide an opportunity to collect
data for further use of cluster analysis and improvement of the functionality and accuracy of medical monitoring.

The object of the study is the use of linear regression to analyze and predict heart rate based on data collected
using fitness bracelets. In order to solve this problem, an information system was developed that uses linear regression
to analyze the effect of parameters such as Very Active Distance, Fairly Active Minutes, and Calories on the heart
rate (Value).
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Training and validation were performed on data from fitness bracelets. The results confirm the effectiveness of
linear regression in predicting heart rate based on the parameters of fitness bracelets. The accuracy of the model was
compared under the conditions of aggregation and without it, which allows us to draw conclusions about the optimal
conditions for using linear regression for the analysis of fitness data.

The study proves the adequacy of the obtained results according to the Student's criterion. The calculated Stu-
dent's t test is 1.31, with the critical test — 2.62. Which proves the adequacy of the developed model.

The results of the study confirm that the linear regression model is an effective tool for individual monitoring
and optimization of physical activity based on data from fitness bracelets.

It is worth considering that the use of linear regression has its limitations and is not always the best choice for com-
plex nonlinear dependencies. In such cases, other machine learning methods may need to be considered.

Keywords: digital medical card, records, IoT, Fitbit tracker.

Introduction

The development of artificial intelligence (AI) in
medicine has stimulated interest in using its ca-
pabilities in various areas of society. Some of the
most important areas are improving the accuracy
of diagnostics, reducing healthcare costs, and pre-
venting the spread of infectious diseases.

Access to quality data is crucial for the success-
ful development and implementation of Al algo-
rithms in medicine. However, existing data is often
limited and does not take into account the patients’
previous health conditions. Therefore, there is a need
for “sensitive data” that is collected with the patient’s
consent and anonymized for machine learning.

This data not only helps improve individual
care but also allows for the identification of epi-
demics and healthcare crises. Al algorithms can ef-
fectively analyze large amounts of data, which al-
lows for rapid response to epidemics and the allo-
cation of resources to prevent them. This approach
strengthens public health surveillance and respon-
se systems.

This research is devoted to the development of
an information technology that can analyze me-
dical information and identify common patterns,
trends, and templates that can be used for diagnos-
tics and treatment of patients.

In the current context of rapid technological
development and the impact of informatization
on all spheres of life, the implementation of a me-
dical information system (MIS) is an extremely
important and necessary step in the development
of medicine. The development of information sys-
tems for processing primary medical data (elec-
tronic medical record) is especially important.

Therefore, this research is devoted to the de-
velopment of an electronic medical record, which
is a key stage in the collection and systematiza-
tion of medical data and its further processing us-
ing AI and other technologies. Scientific research
on this topic is important because it can signifi-
cantly improve the quality and availability of health-
care, as well as make it more efficient.

Literature Review
and Problem Statement

Implementation of a modern medical information
system that utilizes artificial intelligence for data
collection, systematization, and processing can
have a significant impact on various aspects of
medicine and public health. Digital medical re-
cords of patients will serve as a source of informa-
tion for this system. This, in turn, will provide phy-
sicians with more tools for disease diagnosis and
allow them to predict disease progression and
health risks for patients.

The study [1] presents the results of research
using a convolutional neural network (CNN) on
144.170 electronic medical records, which inclu-
ded 63 types of childhood diseases. Based on the
study results, an intelligent diagnostic aid tool for
pediatricians was created.

In the work [2], electronic medical records
were used to study the quality of care for people
with Parkinson’s disease. Specialized software
was used to collect statistical data, and a sorting
method using closed tabs was used to structure
specific data.

In the study [3], an evaluation of various data
stream processing methods from electronic medi-
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cal records of patients suffering from chronic
obstructive pulmonary disease was conducted.
The main goal of this study was to establish simi-
larity between patients, namely highlighting the
most representative and clinically significant data
from their electronic medical records. For this pur-
pose, the following data were selected as clinical
features: gender, body mass index, smoking status,
and personal history of atopy. To quantitatively
assess the contribution of each clinical feature to
the overall similarity of patients, the authors de-
veloped a metric of relative variability, which com-
pares the variability of the feature among N nearest
neighbors of each observation with the variability
of the feature in the entire cluster.

The aim of the work [4] was to develop an
electronic medical record for patients with schizo-
phrenia to improve the management of their cli-
nical information. The study shows that such a re-
cord gives the medical team access to up-to-date
and complete patient information, which, in turn,
helps them make more informed and effective
treatment decisions. The electronic medical re-
cord allows hospital staft to better organize and
systematize information about patients, making it
more accessible and convenient to use. This can
significantly facilitate the treatment process for pa-
tients with schizophrenia, as the electronic medical
record saves time and resources, and makes the
process more clear and organized. Thanks to these
advantages, the electronic medical record can help
hospitals better manage patient information and,
as a result, improve the overall provision of medi-
cal care.

The study [5] used data from the “Epic” health
information management system. Using electronic
clinical data, monitoring was conducted on the
condition of patients with juvenile rheumatoid ar-
thritis, revealing that correlates for the overall as-
sessment of arthritis by a physician differ depen-
ding on the subtype of the disease.

Also, using data from the “Epic” health infor-
mation management system, the study [6] analy-
zed a variety of real-time data streams from pa-
tients arriving at the emergency department of the
hospital in order to forecast total hospitalization
within a short period of time. Hospital bed plan-

ners closely collaborated with the research group
to determine their requirements. They requested
to send daily forecasts four times a day regarding
the need for beds in the next four and eight hours
for further comparison with their internal reports.
As part of the study, a program was developed that
automatically formats and sends emails to bed
planners every four reporting hours. This program
is based on a machine learning algorithm used to
forecast bed availability in the hospital.

Besides medical information systems, more
and more attention is being drawn to IoT in the
field of medicine, which is capable of filling these
systems with information in the future. An exam-
ple of such research can be found in [7]. In this
work, a device for conducting electroencephalo-
grams of the brain was developed. The device re-
cords at least 16 channels of signals from the hu-
man brain and then transmits electronic clinical
data to the patient’s history, allowing for automa-
ted data analysis in the future.

Also, in study [8], an analysis of the accuracy
of sleep registration using wearable devices, in-
cluding Xiaomi Mi Smart Band 5, was conducted,
comparing their data with polysomnography (PSG)
data — the gold standard in sleep assessment. The
study showed significant differences between sleep
indicators obtained from Xiaomi Mi Smart Band 5
and PSG. Xiaomi Mi Smart Band 5 cannot comp-
letely replace PSG in determining sleep stages but
can be useful as an initial means of assessing sleep
quality. Wearable devices can be used to monitor
sleep and serve as a basis for consultation with a
doctor or adjustment of sleep habits.

In the study [9], the accuracy of sleep recor-
ding using wearable devices, including the Xiaomi
Mi Smart Band 5, was analyzed by comparing
their data with polysomnography (PSG) data —
the gold standard in sleep assessment.

The study showed significant differences be-
tween the sleep parameters obtained from the
Xiaomi Mi Smart Band 5 and PSG. The use of
paired t-tests and Bland-Altman plots confirms a
large difference between the means of different
sleep parameters measured by both methods.

EBE analysis showed different levels of sen-
sitivity, specificity, and agreement between Xiaomi
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and PSG in determining different sleep stages,
such as light sleep, deep sleep, and REM sleep.

While the Xiaomi Mi Smart Band 5 cannot
fully replace PSG in sleep stage determination, they
can be useful for consumers as an initial tool for
assessing sleep quality. These devices can be used to
monitor sleep and serve as a basis for consultation
with a doctor or for adjusting one’s sleep habits.

Thus, the study confirms that wearable devi-
ces, including the Xiaomi Mi Smart Band 5, may
be suitable for simplified sleep quality monito-
ring, but their accuracy does not allow them to ful-
ly replace professional PSG studies in sleep phase
assessment.

In turn, the data format and their compatibi-
lity become a key element for further systemati-
zation and processing of data. Study [10] proposes
a model for compatibility of medical data stan-
dards, privacy protection methods, and medical
image measurements. This model applies Health
Level Seven (HL7) and Digital Imaging and Com-
munications in Medicine (DICOM) standards to
medical image data standards. This approach en-
sures increased access to medical image data in
accordance with privacy laws through de-identi-
fication methods. This study focuses on proposing
a standard for the measurement values of stan-
dard materials, which eliminates the uncertainty
in measurements that was not foreseen by previ-
ously existing standards for medical image analy-
sis. The study found that medical image data stan-
dards are consistent with existing standards and
also provide privacy protection for any medical
images using de-identification methods.

In medical practice, it is important not only
information technologies that help in the treat-
ment of a patient or in the diagnosis of his disease.
Information technologies that predict threats to
human health are also important. Thus, in study
[11], a model for predicting the thermal state of a
person during physical activity in a hot environ-
ment is proposed. The model took into account
the characteristics of the environment, namely air
temperature, relative humidity and wind speed.
The intensity of the load and the duration of its im-
pact on the person are also taken into account here.
As a result of the work of such a model, a dynamic

of characteristics is obtained that reflects the
physiological state of a person in hot conditions
during physical exertion.

Overall, these studies confirm the potential
of IoT and modern medical technologies to impro-
ve the collection, processing, and analysis of me-
dical data. They demonstrate promising opportu-
nities for the use of wearable devices to monitor
patients and improve access to medical informa-
tion. However, at the same time, they emphasize
the importance of further research and impro-
vement of technologies to ensure their reliability
and accuracy in clinical use.

Information technology for disease analytics
can combine elements of machine learning for
data analysis and risk forecasting, data processing
from wearable devices such as fitness trackers for
real-time health monitoring, electronic medical
records for accessing a patients medical history
and test results. This will provide advantages such
as improving diagnostics through early detection
and disease forecasting, personalizing treatment
and disease prevention, increasing efficiency, and
saving costs in the healthcare system.

The Purpose and Objectives
of the Research

The aim of the research is to develop an informa-
tion system for medical records that provides ana-
lysis of data obtained from fitness trackers. To
achieve this goal, the following tasks were set:

= development and training of a mathematical
model in the form of linear regression to predict
heart rate;

= development of an electronic medical card
with a module for predicting changes in heart
rate based on data obtained from the fitness
tracker.

The expected results of the research are the
creation of an information system that will collect
data from fitness trackers and use them to predict
heart rate. As a result, there will be an improve-
ment in the accuracy of medical monitoring
through the use of data collected from fitness
trackers. The information system will enable early
detection of cardiovascular problems.
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~ [3Fitabase Data 4.12.16-5.12.16
dailyActivity_merged.csv
dailyCalories_merged.csv
dailyintensities_merged.csv
dailySteps_merged.csv
heartrate_seconds_merged.csv
hourlyCalories_merged.csv
hourlyintensities_merged.csv
hourlySteps_merged.csv
minuteCaloriesNarrow_merged.csv
minuteCaloriesWide_merged.csv
minutelntensitiesNarrow_merged.csv
minutelntensitiesWide_merged.csv
minuteMETsNarrow_merged.csv
minuteSleep_merged.csv
minuteStepsNarrow_merged.csv
minuteStepsWide_merged.csv
sleepDay_merged.csv

T L L A1 U 1 L L B LA

weightLoginfo_merged.csv

Fig. 2. Complete data set

[]
def count_unique_ids(df):
return df['Id'].nunique()

print("activity:", count_unique_ids(activity))

print(“calories:", count_unique_ids(calories))

print("intensities:", count_unique_ids(intensities))
print("sleep:", count_unique_ids(sleep))

print("weight:", count_unique_ids(weight))

" heartrate: 14
activity: 33
calories: 33
intensities: 33
sleep: 24
weight: 8

Fig. 3. Identified data

Research Materials and Methods

The dataset used in this study was taken from the
official Kaggle website [12]. The data was collected
through Amazon Mechanical Turk between De-
cember 3, 2016 and December 5, 2016. In total, the
dataset contains data from Fitbit users who, in ac-
cordance with legal requirements, consented to the
provision of personal data from the tracker, includ-
ing physical activity, heart rate, and sleep monitor-
ing at the minute level. Individual reports in the
dataset can be analyzed by export session identifier

(column A) or timestamp (column B). The dif-
ference in output means the use of different types
of Fitbit trackers and individual tracking beha-
viors/preferences.

In Fig. 1 shows an example of data elements
from dailyActivity_merged.csv:

The complete data set consists of 18 csv files
(Fig. 2).

The analysis of unique identifiers turns out to be
a key stage in understanding the properties of data
and their distribution in the specified set (Fig. 3).

Identitying and comparing the number of uni-
que IDs to the total number of records can help
reveal potential anomalies, such as duplicates or
data loss. This procedure allows for the detection
of potential data quality issues, which is critical for
the reliability and correctness of further analysis.

In addition, unique identifiers can be used as
keys to join data from different sources or tables.
This facilitates the identification and matching of
information about the same objects or observa-
tions in different sources.

As can be seen from Fig. 3, not all activity in-
dicators are present for the individuals who pro-
vided their data for analysis. This will be taken into
account in the study.

The Pandas library in the Python program-
ming language was used to process and transform
the data contained in different sets (heartrate, in-
tensities, calories, activity, sleep) (Fig. 4). This ana-
lysis is aimed at processing the date and time in
text format for further analysis and use of this da-
ta in relevant research.

These actions are performed to standardize
the representation of date and time into a special
date/time object type, which simplifies further op-
erations with time series analysis, sorting, filtering,
and data visualization. This approach facilitates
ease of processing and makes analysis more acces-
sible for further scientific conclusions and use in
research.

In addition, it is worth noting that for the con-
venience of this study, the data of all individuals
was also summarized by each available parameter
and presented in the form of graphs. First of all,
the results of the study of the distribution of heart
rate (HR) in the heartrate_selected_columns data-
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# intensities

intensities['ActivityHour'] = pd.to_datetime(intensities['ActivityHour'],

%I:%M:%S %p")
intensities['time"']

B7 256 ~

£="%m,/%d /%Y

intensities['ActivityHour'].dt.strftime("%H:%M:%5")

intensities[‘date'] = intensities['ActivityHour'].dt.strftime("%m/%d/%y")

# calories

calories['ActivityHour'] = pd.to_datetime(calories['ActivityHour'],

%p.u)
calories['time']

c="%m/%d /%Y %I:%M:%S

calories['ActivityHour'].dt.strftime("%H:%M:%5")

calories['date'] = calories['ActivityHour'].dt.strftime("%m/%d/%y")

# activity

activity['ActivityDate'] = pd.to_datetime(activity['ActivityDate'],

="%m/%d/%Y")

activity['date'] = activity['ActivityDate'].dt.strftime("%m/%d/%y")

# sleep

sleep['SleepDay'] = pd.to_datetime(sleep['SleepDay'], f

="%m/%d /%Y %I:X%M:%S %p")

sleep['date'] = sleep['SleepDay'].dt.strftime("%m/%d/%y")

Fig. 4. Date and time format standardization for further analysis: Python code
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Fig. 5. Graph of heart rate distribution by activity states

set were selected. This dataset contains HR values
in beats per second, collected using a fitness bra-
celet to track health.

The graph (Fig. 5) of the distribution of values
in the “Value” column in the heartrate_selected_
columns dataset has several peaks. The first peak
is in the region of 60 beats per second, and the se-
cond peak is in the region of 75 beats per second.
This means that there are two main clusters of
HR values in the dataset.

The first cluster, which is in the region of 60
beats per second, may represent a state of rest. This
HR range coincides with the HR range that is ty-
pically observed in people at rest. The second clus-
ter, which is in the region of 75 beats per second,

30

251

201

15

10

Number of datasets

0 T T T T T T T T ,_||
50 60 70 80 90 100 110 120 130
Weight, kg
Fig. 6. Weight distribution chart

may represent a state of activity. This HR range is
higher than the HR range that is typically observed
in people at rest. In addition, the graph has other
peaks, which means that there are some HR values
that are significantly higher or lower than the
two main clusters. This may be due to the fact
that some individuals lead a more active or less ac-
tive lifestyle.

In turn, the graph (Fig. 6) shows the distri-
bution of user weight in kilograms. Weight varies
from 50 to 130 kg. A significant amount of data is
concentrated in the 60%70 kg range, and the lar-
gest number of values is in the 70%80 kg range.

Another graph (Fig. 7) shows the distribution
of calories consumed by the user. The number of
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The number of calories consumed during activity

Fig. 7. Calorie distribution chart

calories varies from 0 to over 5000. The largest
amount of data is concentrated in the range from
2000 to slightly over 3000 calories.

Thus, the data were prepared for model trai-
ning by processing and standardizing informa-
tion on physical activity, heart rate, and sleep mo-
nitoring collected using a Fitbit tracker.

Mathematical Model
in the Form of Linear Regression
for Predicting Heart Rate

This study uses a mathematical model of linear
regression, which considers the dependence of
the heart rate (labeled as “Value”) on three main
variables:

Value = B+ B, x Very Active Distance +B, x
x Fairly Active Minutes + ,x Calories + ¢, (1)

where:

Value — heart rate (dependent variable);

Very Active Distance — variable representing
the distance traveled by the user during very
physical activities such as running or vigorous
aerobics. It is measured, for example, in kilome-
ters or meters;

Fairly Active Minutes — the variable reflects
the number of minutes during which the user
spent some physical activity. This may include
walking or light aerobics. Measured in minutes;

Calories — the variable represents the number
of calories consumed by the user during the acti-
vity. It can take into account calories consumed

during exercise and basal metabolism. It is meas-
ured in kilocalories (kcal) or joules (J);

B, — a constant (transition term);

By B, B, — regression coefficients that de-
termine the influence of the relevant variables;

¢ — reflects random errors originating from
unaccounted factors or random deviations from
expectations.

This model allows you to quantify the effect
of each variable on the heart rate and predict its
value. Random error (g) takes into account un-
known or unpredictable factors that can affect
the heart rate and introduce random deviations
into predictions.

Development of an
Electronic edical Card

The presented medical card system uses data from
a fitness bracelet to monitor and diagnose the pa-
tient’s health (Fig. 8). Fitness bracelets collect data
such as the number of steps, heart rate, sleep qua-
lity and other parameters characterizing the state
of health. The information system synchronizes
data in real time.

In particular, one of the important directions
is the use of data obtained from fitness bracelets
for objective assessment of patients’ condition.
Thanks to the use of methods of machine learning
and data analysis, it becomes possible not only to
diagnose the current state of health, but also to
predict its possible risks and trends. The presented
information system uses a module for predicting a
person’s heart rate based on data obtained from a
fitness bracelet. The module is built on the basis of
the mathematical model (1).

To develop this module, popular Python lib-
raries for working with data, modeling and visua-
lization are used: pandas for data processing, sci-
kit-learn (sklearn) for modeling linear regression,
and matplotlib for visualization of results.

Real and predicted heart rate values are dis-
played on the graph (Fig. 9), which allows you to
visually compare how well the model adapts to real
data. This makes it easier to understand the effec-
tiveness and scope of the linear regression model
in this context.
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Fig. 9. Graphic presentation of forecasting results

Many points on the graph are closely clustered
together, indicating a high degree of correlation
between the predicted and actual values of heart
rate. This suggests that the linear regression model
effectively captures the relationship between the
selected independent variables and heart rate, con-
firming its adequacy for these specific data.

However, attention should be paid to some
outliers or deviations from the main cluster of
points. These cases may indicate situations where
the model encounters difficulties in accurately pre-
dicting heart rate. Perhaps they reflect the influen-

ce of other factors or anomalies in the data, which
should be further examined and taken into account
in the analysis of the results.

The graph also shows three horizontal lines,
which may represent the mean or median values
for different data groups. This may indicate the
presence of subgroups or peculiarities in the data
that could affect the model’s results. Investigating
these sections could lead to a deeper understan-
ding of the dynamics of the interaction between
the selected variables and heart rate.

Discussion of the Results
of the Information System Using

The use of linear regression in the architecture
of information systems for analyzing and predic-
ting heart rate based on data from fitness trackers
is an important research direction. Linear regres-
sion is a well-known statistical method widely used
in solving numerous tasks of statistical data pro-
cessing. It works well on large and sparse datasets
without complex trends.

In building this model, we assumed an appro-
ximate linear relationship between heart rate and
characteristics of physical activities. This has a sim-
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ple explanation. During physical activities, a per-
son's muscles require more oxygen. Oxygen is used
to produce energy. During inhalation, oxygen
enters the arterial blood, which is transported by
the heart’s work. During physical exertion, the
heart works harder to supply oxygen to working
muscles, which can affect heart rate. Typically, an
increase in physical activity leads to an increase in
heart rate. This explains the model’s results.

The modeling showed that the expected heart
rate will increase by 0.3996623 beats per minute
with each meter walked. At the same time, since we
use characteristics of a single physical activity, the
expected heart rate will decrease by 0.11206182
with each second of this activity and by 0.00063471
with each calorie burned.

The model’s adequacy has been proven, as the
Student’s criterion calculated is significantly smal-
ler than the critical value.

From Fig. 2, it can be seen that the standard
error, which shows how far the actual heart rate
value can be from the expected value, is negligible.

Comparative analysis of the loss function helps
to understand how different optimization methods
affect the quality and speed of model training.

Forecasting heart rate has been studied for a
long time and by various methods. However, un-
like other models, the proposed model is the most
accessible to users. You only need to have a fitness
tracker and software for analyzing data from fit-
ness trackers. The model predicts heart rate at
any time during physical activity, unlike the model
described in study [13], which predicts only for
five seconds.

With the developed model, the user can plan
physical workouts without harming their health.
Since this model is aimed at predicting heart rate
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AHAJIITUKA JAHNX 3 ®ITHEC-BPACJIETIB

Bceryn. 3HauHMIT pO3BUTOK Ta JOCATHEHHA B ranysi mry4roro iHTenekty (IIII) cmpuamammm inTepec fo itoro
BIIPOBA/PKEHHs B pisHMX cepax cycminbcrBa. He crama BUHATKOM i cdepa OXOPOHM 3[0POB S Ta MESUI{MHIL
Cepen HanpsimiB Bukopuctanus I B MeauiHi MOXXHA BIOKpeMUTH 6arato actekTi. BogHodyac Ha Halt6inbury
yBary 3ac/yroBye IiIBUIEHH TOYHOCTI /IiaTHOCTUKMY, 3HVDKEHHS BUTPAT HA OXOPOHY 3[J0pOB’s, IpodinakTuiHe
THOTIepeKEHHA eMileMioNoTiYHNX 3aXBOPIOBAaHb Ta reorpadiyHe posIIMPeHHs OTPUMAaHHA MEIMYHMX MOCIYT 3a
JOTIOMOTOI0 T€JIEKOMYHIKALiIMIHMX TEXHOJIOTII.

Mera crarTi. MeTO0 TOCTIIKeHHA € po3pobka iHpOpMaliiiHOI cycTeMV MeUYHOI KapTKIU [JIA aHaJITUKU
mauyx 3 ¢iraec 6paceris. Ile yMOXXIMBUTD 30MpPaHHS JAHUX I HOA/IBIIONO BUKOPUCTAHHS K/IACTEPHOrO aHa-
i3y OTPUMAHUX JaHVX i BJOCKOHA/IEHHS (PYHKIIIOHATY Ta TOYHOCTI MEVYHOIO MOHITOPUHTY.

[nst pocsirHeHHs 1ii€l MeTy TOTPi6HO OYy/I0 BUKOHATY TaKi 3aBIaHH:

= pO3pOOUTHM Ta HABYMUTY MaTeMaTUIHY MOZE/Ib Y BUIVLAAL MiHilHOI perpecii. LI Mopenb BUKOPUCTOBYE Ia-
pametpu Very Active Distance, Fairly Active Minutes ta Calories pyia mporHo3dyBaHH: cepueBoro putmy (Value);

= pO3pOOUTH €eIeKTPOHHY MeVYHY KapTKy Ta B AKOCTI JOJaTKOBOroO (PyHKI[iOHaTy BIPOBAANUTY B Hel MOIY/Ib
IPOTHO3YBAHHs 3MiHM y CEpLIeBOMY PUTMi Ha OCHOBI JAHNUX, OTPUMaHUX 3 piTHeC-OpaceTy.

Mertopu. CucteMHuI1 aHaIi3, NiHiliHa peKypcis.

Pesynprati. B pesynpraTi po3po6neno inbopMariiiHy cucTeMy MeFUYHOI KapTKI, sIKa MOXKe OTPUMYBATH
maHi 3 diTHec-6paciery i npu3HaueHa I/ MOHITOPUHIY Ta NiaTHOCTYBAaHHsA CTaHY 3[J0pPOB’A Malli€HTa B peab-
HoMy vaci. [ndopmanis 3 pitHec-6pacieTa MO)ke BKIIOUATH KiZIbKiCTh KPOKIB, CeplieBUil pUTM, AKICTb CHY Ta iHIi
IapaMeTpy, sKi XapaKTepyu3yIThb CTaH 3TOPOB .

IndopmaniiiHa cucreMa MOXKe CMHXPOHI3yBaT! IaHi B pea/lbHOMY 4aci Ta BUKOPMCTOBYBATH iX I IOKpa-
I[eHHs OL[{HKM 3aTaJIbHOTO CTaHy 37[0pOB’s MarjieHTa. Hanpukiaz, sMiHK B cepLieBOMy pUTMi 260 SIKOCTI CHY MO-
XKYTb BKa3yBaT! Ha IIOTEHIIiTHI Tpo61eM, sKi MOXXYTb BUMAraTy IO/a/IbIIOl yBaru ab0 MEeIUYHOTO BTPYJaHHA.

BuxopucTaHHSA IMX JAHUX TaKO>K MOXKe JIOIMOMOITH B JTiKyBaHHI XPOHIUHMX 3aXBOPIOBaHb, TAKUX fAK JiabeT
a00 rinepToHiA, 3aBAAKM MOHITOPUHIY BIUIMBY pisHMX (paKkTOpiB Ha CTaH 30opoB’s mauieHra. [Ipomec Takox 3a-
Oe3meuye JTiKapsAM MOXIUBICTD I/IMOIIe 3pO3YMITV CTAH 3[0POB s Ialli€HTa, 10 JO3BOJLAE IM HajjlaBaTy Oi/IbII Iep-
COHa/Ii30BaHy Ta ePEeKTUBHY HOIOMOTY.

BucHoBku. Y pesymbrari 6y/10 cucTeMaTU30BaHO [aHI KOPUCTYBadiB (iTHec 6pacieTiB Ta CTBOPEHO MaTe-
MaTUYHY MOJIeIb, IKa MOYKe BUKOPMCTOBYBATHCS /sl iHAMBILYaIbHOTO MOHITOPMHTY 30POB s Ta onTuMisawuii ¢i-
3MYHOI aKTMBHOCTI JUIA MiITPYMAaHHS 3[0POB’A CeplieBO-CYAMHHOI cucteMn. PesynbraTyt JOCTiIKeHHA MifTBEp-
IDKYIOTD, 110 MOJieNb JTiHIHOI perpecii € eeKTUBHUM IHCTPYMEHTOM /IS iHAMBiZYaTbHOrO MOHITOPUHIY Ta OII-
TuMmisanii ¢isMuHOi aKTMBHOCTI Ha OCHOBI HaHuX QitHec-OpacieTiB. B [ocmimKeHHI TOBOAUTHCS afeKBaTHICTD
OTPMMAHUX pe3ynbTaTis 3a KpurepieMm Crpiofienca. PospaxoBanuii kpurepiit CtbrofieHca t gopiBHIoe 1.31, mpu Kpu-
TUYHOMY — 2.62, 1110 i JOBOJUTD afjeKBAaTHICTb pO3p0o06/IeHOI MOferi.

Ha ocHoBi 1i€i Mogeni 6y710 po3spo6ieHo, IpOrpaMHO peanisoBaHO Ta OMMCAHO iHPOPMALIIHY CUCTEMY, sIKa
BUKOPJMCTOBYE NiHIITHy perpecio i1 BUBYEHHS BIUIMBY IIapaMeTpiB, Takux sk Very Active Distance, Fairly Active
Minutes ta Calories, nHa ceprieBuit putm (Value). OcobnmmBicTb po3po6ieHoi e1eKTPOHHOI MeMIHOT KAPTKMU OIS -
ra€ B TOMY, L0 ii MOXIMBO BUKOPUCTOBYBATH He yyiie Aid GiKCyBaHHSA CTaHY 3[JOPOB’s JIOAMHY, ajie 11 [ JIoro
MOHITOPVHTIY Ta TPOTHO3YBaHHA.

Kntouoei cnosa: yugposa meduuna xapmxa, sanucu, IoT, mpexep Fitbit.
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