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Abstract: this paper outlines the way in which the aggregated data from pulsometer device and smart watch may
be used; it dives into problems, related to selection of right regression model, in order to predict future possible
user's pulse by certain timeframe; and suggest its implementation. Also, the following article covers the basic
idea of classification in terms of detection specified condition associated with cardiovascular system based on
aggregated data. And, finally, suggest its own approach of how to build analytics in long-running tasks.
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Annomauyun: 6 OanHol cmamve paccMampueaemcsi G03MONCHOCHb UCHONb308AHUS COOPAHHBIX OAHHBIX C
NYIbCOMEMPOB U YMHBIX 4AC08, 6y0ym paccmompeHrvl npobiemvl 6b100pa pespecCUuOnHOl MOOeIU NPedCKaA3aHuUll
B03MOJICHO20 6YOyUle2o NynbCca noab308amens 6 paspese 6pemMeHu U Oyoem npednoiceHd COOCMEEHHAs.
peanuzayusi pewienust Ois 3a0a4 00120CPOUHO20 npedckasanus. Takdce 6 danHoll pabome byOem paccmompena
baszosas udes npuMeHeHUs Memooos8 KiacCuurayuy Osi GblA6LeHUs ONPEOeSIeHHbIX COCIMOSHUL, CEA3AHHbIX C
CepOeuHO-coCyOUCmoll CUCIEMOl, HAd OCHO8e COOPAHHBIX OAHHBIX.

Knwuesvie cnosa: nunetinas pezpeccusi, nyibCoMemp, YMHble YdAChl, cepOeunwlll pumm, Javascript, jienugole
BbIUUCTEHUS, MAUUHHOE 0bYUeHUe, KIACCUDUKAYUSL.

1. INTRODUCTION

From ancient times up to our days, the humanity tries to simplify their lives. In struggle for technologies, the
most common problem was transmitting and sharing of information. But, when the aim has been achieved, a new
one challenge appeared — the data aggregation and interpretation.

One of these challenges is devoted to medicine problems, which is related to recognition of certain datasets
(artefacts) and predictions, based on fetched data [1]. Among one of top priorities tasks in this sector — are
researches, connected with heart rate administration[6]. This task includes not only right data interpretation, but
also difficult aggregation and deep analytics, without taking in count certain out world parameters — like life
style, stress and so on.

The suggested approach covers most of these aspects, in a brand new way — dynamic restricting of applied
function for certain user. This will allow to calculate the average heart rate in a long run, by using a special
coefficient over regression model, which is unique for everyone. Such solution should bring us closer in finding
a cure from most diseases, related with the cardiovascular system, or at least, foresee some of them.

Regression models. Choosing model by nearest distribution

There is a large variety of suggested models for regression analytics. If we step back, and start from scratch,
first question we ask — is the nature of our data, which we aggregate. In one or another case, by the nature of
data, we can see the difference between total results of this or that applied function. For this reason, it is better to
start from picking up the general functions among the suggested regressions functions, like linear regression, or
SVM regression [4].

Building up decision model

In order to pick up the suitable model, we need to make sure, that the selected function’s results are
satisfiable enough. This is the general practice in supervised learning: we have a set of data, we train model with
80% of this data, and then test other 20% on this model [7]. The more accurate result — the better. For our
purpose, we’ve decided to use python data science libs (in our case sklearn):

Models = []
models.append(('LR’, LinearRegression()))
models.append(('ELN"', ElasticNet()))



models.append(('DT", DecisionTreeRegressor()))

models.append(('SVM', SVR()))

And append our test data to them:

for name, model in models:
kfold = model_selection.KFold(n_splits=5, random_state=seed)
cv_results = model_selection.cross_val_score(model, X_train, Y_train, cv=kfold, scoring=scoring)
results.append(cv_results)
names.append(name)

Results

LR: 0.849096 (0.073113)

ELN: 0.652377 (0.108876)

DT: 0.631982 (0.059994)

SVM: 0.762597 (0.024189)

As you can see, the better correlation could be achieved by using simple linear regression. The second place

takes SVM. This produce a feeling, that data distribution has soft edges, that is why SVM and LR have the
highest accuracy than ELN and DT algorithms.

Conclusion
In this article, we’ve discussed how do we treat with our datasets, picked up the right algorithm, and dived

into applied statistics. In future work, we plan to talk about unification of function for certain user, find
distribution error, and will try to a coefficient, which we will apply to regression model, in order to decrease the
distribution error.
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