Bci Bumesragani aii npencTaBieHi yepes 3pyUuHi eIeMeHTH 1HTepdency Kopuc-
TyBaya: MaHedl 3 JIOTIYHO 3TPYNOBaHUM OJIOKaMH, BUMA/al0ul CIIUCKU, TEKCTOBI IO-
Jis1, KHOMKH [3].

Po3pobiniena cuctema Takok Hamae iHGOpPMAIIIO PO TE€ XTO BUAAB 3aBIaHHS,

XTO BIJIMOBIaIbHUYN 32 MOTO BUKOHAHHS Ta XTO 3 MPAIiBHUKIB MPAIIOE HAJ IIUM 3a-

BAAaHHAM.
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Puc. 3. Cropinka 3 netanbpHOI0 1H()OPMALII€IO PO 3aBAAHHS
BucHoBku. Po3po0ieHO iHTENEKTyaabHy CHCTEMY MEHEDKMEHTY MiANpUEM-
HUIIBKOT IISTIBHOCTI Ui KepyBaHHs MEPCOHAJIOM, PO3MEXKYBaHHs JOCTYIy IpailiB-
HUKiB, KOHTPOJIIO BUKOHAHHS 3aBJaHb Ta 00JIIKY KJII€HTIB, IOCTAYaJIbKIB 1 peCypCiB.
CnucoK BUKOPHCTAHUX JIITEPATYPHUX JZKepeJt
[1] Hacking Growth: How Today's Fastest-Growing Companies Drive Breakout
Success. / Morgan Brown — 2017 — P. 35 -40
[2] The Startup Way / Eric Ries —2017 — P. 23-25.
[3] Top 8 React charts libraries [Enextponnmii pecypc] : [Be6-caiit]. — Pexum
noctymy: https://blog.logrocket.com/top-8-react-chart-libraries/ (maTta 3BepHeHHS
12.09.2023). — Ha3Ba 3 expaHa.
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Using machine learning tools and methods for finding similar products according
to user

Abstract — The main methods of applying machine learning to search for

similar products according to user preferences is described. A method is developed to

create a model that can be used to create information systems for searching for

relevant products. The results of the study can be used to implement an information

system for searching for goods in any field of e-commerce.

Keywords — mathematical model, gradient boosting, top-N algorithm.

Recommender systems are designed to help users find products or goods that
best suit their needs in a web context. They collect information about users to
determine their interests, apply self-learning algorithms to filter products according to
certain criteria, and predict (recommend) things that might be of genuine interest to
the user.

There are different approaches to processing information to create
recommendations. The content-based (CB) approach recommends products or things
similar to those that the user prefers. It evaluates the content of items to generate new
recommendations. The collaborative-filtering (CF) approach recommends products to
the consumer that people with similar preferences have previously liked, creating a
variety of recommendations. It is also possible to combine both approaches to create
a new approach — a hybrid approach.

One approach is to identify recommendations that at first glance fully meet
user expectations. This approach is called top-N recommendation, in which the
algorithm should offer several items that will be of most interest to the user.

The top-N recommendation algorithm is a hot topic for the e-commerce
industry [1]. Studies have shown that recommender systems have a positive impact
on sales, and identifying several items of interest to an individual user can

significantly increase business profits [2]. This work complements ongoing research
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by showing that it is not just the similarity or variety of products presented that can
arouse users' interest. Shoppers expect to see different types of recommendations
depending on the stage of the purchase process they are in.

Gradient boosting is an algorithm that builds simple predictors that improve the
objective function. That is, instead of building a complex model at once, many small
models are built one by one.

The model training process is as follows: first, the training parameters are
parsed by the user. Then the transferred parameters are validated. Next, the data is
loaded and a grid is built to quantize the numerical data. This step is necessary to
make the learning process faster.

The categorical parameters are processed differently: they are hashed from the
very beginning, and then the hashes are numbered from zero to the number of unique
category values to make reading the categorical data faster.

Next, the training cycle is launched — the main cycle of machine learning, in
which trees are built iteratively. After this step, the model is exported. All steps of the

learning process are shown in Fig. 1.

Training options Float feature

Input data Float features

parsing and A borders e
verification preparaton calculation Qquantization
Categorical

features hashing - Trained Model

and unique values Training loop export

enumeration

Fig. 1. Steps of model training using the CatBoost algorithm
The training cycle consists of four steps:
1. building one tree;
2. checking what increase or decrease in quality it gives;
3. checking whether the overlearning detector has been triggered;
4.

saving the snapshot.
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Training a single tree is a cycle through the levels of the tree. In the case of
categorical training parameters or ordered boosting, a permutation of the data is
randomly selected from the very beginning. After that, each branch of the tree is
recalculated. Next, the "good" branches of this tree are selected.

The cycle of selecting tree levels is as follows: from the very beginning, a
bootstrap is made - weighing objects, after which only the selected objects will be
used to build the tree. The bootstrap can also be recalculated before selecting each
branch. Next, the derivatives are aggregated into histograms, and this step is
performed for each branching candidate. The histograms are used to estimate the
change in the objective function that will occur if a given candidate is selected. The
candidate with the highest score is added to the tree. After that, the statistics are
calculated using this selected tree, the values in the leaves are updated, the values in
the leaves for the model are calculated, and the cycle moves on to the next iteration.

Conclusion. This work has elucidated the fundamental techniques employed in
harnessing the power of machine learning to facilitate the search for similar products
aligned with user preferences. We have not only described these methodologies but
have also developed a novel model that can serve as a foundational building block for
the creation of robust information systems dedicated to product discovery. The
implications of our research extend beyond the confines of our specific application,
as the insights and methodologies presented here can be seamlessly integrated into
various domains of e-commerce.

The development of this model opens up exciting opportunities for the
implementation of information systems designed to streamline and enhance the
search for products in any field of e-commerce. By leveraging machine learning, we
can empower users to find relevant items more efficiently and effectively, ultimately
improving the overall user experience and potentially boosting conversion rates for e-
commerce businesses.
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Po3po0JieHHs1 cucTeMH IPOTrHO3YBAaHHS Pe3yJIbTaTiB MAT4iB 3i CHyKepy 3
BHKOPUCTAHHAM METOiB MAIIMHHOT0 HABYAHHS
AHoTamiss — B po0oTi po3riisaloThCs MUTAHHS, OB’ S3aHl 3 PO3POOJIECHHIM
CHUCTEMH TMPOTHO3yBaHHS pe3yJbTaTiB MaTdiB 31 CHYKepy Ha MOBi MpOTpamMyBaHHS
Python 3 BUKOpUCTaHHSIM METOIB MAalIMHHOTO HaBYaHHS. ONUCYIOThCS 0COOIMBOCTI
peanizalili 3aco0iB 300py iHboOpMaIlli PO pe3yJbTaThU MaTyiB, MonepeaHs o0pooka
JaHUX, HaJNAIITYBaHHS JEKUJIBKOX MOJENeH MAIIMHHOTO HaBYAaHHA Ta OIHKA SIKOCTI

poOOTH BIJMOBIIHUX aJITOPUTMIB.

Keywords — cHykep, cucteMa nmporHo3yBaHHs, MalllMHHE HaBYaHHSA, Kiacu]i-
karis, Python.

Beryn. Caykep, sSiK OJUH 13 HAUMOMYJISIPHIIIKX BUAIB OUTBSIPAY, 3aBOIOBAB Ce-
pIIsl MIJIBHOHIB IIaHYBaJIbHUKIB MO BChOMY CBiTY. Ll cTpaTeriuna rpa, 3acHoBaHa Ha
TOYHOCT1 Ta BMIHHI NMPOTHO3YBaTH XOAH, BUKJIMKAE 3aXOIUICHHS AK y TpodeciiHuX
CIIOPTCMEHIB, TaK 1y JroOUTeNB. PO3BUTOK TEXHOJIOTIH Ta MOIIUPEHHS METOJIIB Ma-
IIIMTHHOTO HABYAHHSI MPUBOSTH JI0 HOBATOPCHKHUX MIAXOIB y Pi3HHUX cdepax, BKIO-
YAar04M MTPOTHO3YBAHHS PE3yJIbTATIB CIOPTUBHUX MOJIIM.

3ajada MPOTHO3YBaHHS PE3yJbTaTiB MaT4iB 31 CHyKepy Moxe Oytu chopmy-
JhOBaHA sIK 3a/a4a OiHapHOI Kinacudikaiii, MeTa K01 MOJIATaE B TOMY, 11100 Ha OCHO-
Bl BXIJTHUX O3HAK MPO MaTy (HaNpHUKIaa, CTAaTUCTUKA TPABIB, PSUTHHT, 1CTOPIS 3Y-
CTpiuei) BU3HAUYMUTH HNMOBIPHICTH MEPEMOTH OJHOTO 3 IpaBIiB ab0 kiacudikyBaTu
MaT4 sIK epeMora 9v opaska JijIsi KOHKPETHOTO TPaBIIs.

IIpornec GinapHOi Ki1acudikallii BKIIOYA€ HACTYITHI KPOKHU:

30ip maHuX: 310paTy BXIJHI JaHl MPO MaTyi 31 CHYKEpy, BKIIOYAIOYU O3HAKU

I'PaBIIIB, IXHIO CTATUCTHUKY, PEUTUHTH, ICTOPIIO 3yCTpIuel Ta 1HIII BiAMOBIIHI JIaHI.
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