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Abstract

The article presents an analytical review of engineering approaches to improving search
relevance in e-commerce systems based on Elasticsearch and OpenSearch. The aim of the study is
to systematise technical solutions applied at the stages of product-data preparation, index design,
user-query processing, and result ranking. The review draws on recent scientific publications and
industry studies addressing product-data quality, indexing, query interpretation and expansion,
spelling correction, ranking mechanisms, user behaviour, and search-system performance. The
reviewed approaches are grouped according to their engineering purpose, potential effect on search

Bu6morpaduueckoe ommcanue: IlepenexoB U.B. VHXeHepHble METOZbl IOBBILIEHHS PeNEBaHTHOCTH IOMCKa B e-commerce
cucremax Ha ocHoBe Elasticsearch u OpenSearch // Universum: TexHuueckue HayKd : 371eKTPOH. Hay4H. )XypH. 2026. 9(150). URL:
https://7universum.com/ru/tech/archive/item/23371

For citation: Perelekhov I. Engineering methods for improving search relevance in e-commerce systems based on Elasticsearch and
OpenSearch // Universum: Technical Sciences : electronic scientific journal. 2026. No. 9(150). Available at: https://7universum.com/
ru/tech/archive/item/23371



https://7universum.com/ru/tech/archive/item/23371
https://7universum.com/ru/tech/archive/item/23371
https://7universum.com/ru/tech/archive/item/23371

Ne 9 (150) UNIVERSUM: cenmsGpb, 2026 2.

TEXHUYECKUE HAYKU

quality, and principal implementation limitations. The reviewed sources indicate that search
relevance can be influenced by attribute normalisation, appropriate field-type selection, analyser
configuration, synonym management, structured parameter extraction, fuzzy matching, and
controlled query relaxation. The review also highlights a recurring trade-off between recall and
precision when query-expansion mechanisms are applied. Textual, attribute-based, behavioural,
commercial, contextual, and infrastructure-related signals used in product ranking are systematised.
The findings of the review allow relevance improvement to be considered as a set of interconnected
engineering tasks performed at different stages of the search process while accounting for data-
quality limitations, computational cost, and search-system performance.

AHHOTanus

B crartee mpejcTaB/ieH aHaJIMTUUYECKWHd 0030p WH)KEHEpPHBIX TMOAXOJO0B K IOBBIIIEHHIO
pesieBaHTHOCTU TIOMCKa B e-commerce cucteMax Ha ocHoBe Elasticsearch u OpenSearch. Lenb
VCC/IeJOBaHUs. COCTOMT B CHUCTeMaTU3aljuM TeXHUUYeCKUX pelLIeHWW, NPHMeHseMbIX Ha JTarax
TIOATOTOBKM TOBapHBIX [IAHHBIX, TIPOEKTUPOBAaHWS WH/EKCca, 00pabOTKK I0/Ib30BaTebCKUX
3allpoOCOB W paH)XMPOBaHUsI pe3yabraroB. Marepuasom /s 0630pa TOCTYKW/IM COBPeMeHHbIe
HayyHble MyO/IMKaliy ¥ OTpac/ieBble MCC/e0BaHUsl, TIOCBSIIeHHbIe KaueCTBY TOBApPHBIX [JAHHBIX,
VH/IeKCUPDOBAaHUIO, UWHTepIpeTaliyM M  paClIMpeHHUI0  3arpoCcoB, KOPpeKLMU  OIeyaTok,
PaH)XUPOBAaHUIO, [10/1b30BaTe/IbCKOMY IOBEJEHUID U IIPOU3BOLUTE/IBHOCTU ITOMCKOBBIX CHCTEM.
PaccmoTpeHHble NOAXOAb! CIPYNINMUPOBAaHbl 110 UX WH)XXEHEPHOMY Ha3HAYeHWI0, MOTeHLJUaJbHOMY
B/IUSHUIO HAa KauyeCTBO IIOMCKA U OCHOBHBIM OrpaHWuYeHUsM IpuMeHeHus. I[lokasaHo, 4TO Ha
peIeBaHTHOCTD TOMCKA MOTYT B/IMSITb HOPMasiM3alusi arpubyToB, BBIOOD TUIIOB TIO/eH, HAaCTPOMKa
aHa/IN3aToOpOB, YIIpaB/eHWe CHHOHMMAaMU, M3BJ/leueHre CTPYKTYPHUPOBaHHBIX ITapaMeTpPOB, HeueTKoe
COTIOCTaB/ieHWe ¥ KOHTpOJIpyeMoe ociabneHye ycioBuid moucka. OO630p Takke BbISBISET
XapakTepHbI KOMIIDOMHUCC MeXJy TIOJTHOTOM W TOYHOCTBIO BbIJAuM IIPU  MCIO/Ib30BaHUU
MEeXaHH3MOB  pacipeHusi  3anpocoB.  CHCTeMaTH3WpOBAaHBI  TEKCTOBble,  aTpUOyTHBIE,
MoBeJileHUeCKre, KoMMepyeckre, KOHTEKCTHbIe U UH(PaCTPyKTypHble CUTHA/Ibl, YUUThIBaeMble TIpU
pamKUpoBaHUU. Pe3ynbraThl 0030pa MO3BOJSIOT TPEACTaBUTh IOBBIIEHHE PEIeBAHTHOCTH Kak
COBOKYITHOCTb B3aMMOCBSI3aHHBIX MHKEHEPHBIX 3a/la4, pelllaeMbIX Ha pa3HbIX 3Tanax OHMCKOBOIO
rporecca C y4YeTOM OrpPaHAYEHWM II0 KauyeCTBY /[IaHHBIX, BBIUMC/IUTE/bHBIM 3aTparaM U
TIPOU3BOJUTE/ILHOCTU CUCTEMBI.

Keywords: e-commerce, product search, relevance, Elasticsearch, OpenSearch, indexing,
ranking.

KiloueBble cjioBa: e-commerce, TOBAapHBIM TIOUCK, pejieBaHTHOCTb, Elasticsearch,
OpenSearch, ungexcanys, paH>XxvupoBaHHe.

Introduction

Search in e-commerce systems is one of the key mechanisms of user interaction with a
product catalog. Unlike general information retrieval, product search is aimed not only at
identifying textual matches but also at aligning user intent with specific product characteristics,
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category, attributes, availability, and commercial relevance. Therefore, the quality of search results
is directly associated with navigation convenience, catalog browsing depth, bounce rate, and the
probability of purchase.

The main challenge in improving product search accuracy is the diversity of product
information, user input variability, synonymy, misspellings, vague query formulation, and
inconsistencies in naming conventions.

The practical importance of product-data quality is illustrated by Salsify’s 2025 consumer
research conducted among 1,910 respondents in the USA and UK. The survey indicates that
inconsistent or inaccurate product information can affect consumer trust and purchasing decisions

(fig. 1).

Shoppers abandoned a purchase due
to inconsistent product
information across channels

54%

Shoppers returned an item when it
did not match the online
description

71%

Figure 1. Consumer response to inconsistent and inaccurate product information in e-commerce
according to the Salsify survey [1]

These findings support the need to address product-data quality at the early stages of the
search pipeline through data normalisation, attribute structuring, and consistent representation of
product information before query-processing and ranking mechanisms are applied.

Despite the implementation of state-of-the-art search solutions such as Elasticsearch and
OpenSearch, search effectiveness depends on engineering configuration, analysis of catalog
structures and query flows, and adaptation of ranking rules to the characteristics of a particular
platform.

Recent research on e-commerce search demonstrates a shift from isolated lexical matching
techniques towards more complex approaches that integrate semantic processing, user behaviour,
and relevance evaluation. Ren et al. [2] systematised information discovery mechanisms in e-
commerce and showed that contemporary solutions combine information retrieval, recommender
systems, natural language processing, and user interaction data. Nguyen et al. [3] focused on query
rewriting and proposed a hybrid framework combining offline knowledge distillation with online
reinforcement learning; experiments on the Amazon ESCI dataset demonstrated improvements in
query relevance, diversity, and adaptability while addressing the latency and computational costs
associated with large generative models. More recent work by Ou et al. [4] extends query rewriting
towards alignment with human cognition and user preferences, reflecting the transition from generic
query reformulation to preference-aware search optimisation. Jain et al. [5] addressed the evaluation
stage by proposing the PROBES framework, which distinguishes exact, substitute, complement,
and irrelevant results and identifies both precision and missed-recall errors; its evaluation across
100 product categories achieved an Actionable Error Rate of 76 %.
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Overall, the reviewed studies address different components of e-commerce search, including
product-data preparation, query processing, ranking, and relevance evaluation. Their combined
consideration across the main stages of the product-search process is less common in the reviewed
literature.

The aim of this analytical review is to systematise engineering approaches to improving
search relevance in e-commerce systems based on Elasticsearch and OpenSearch and to examine
their engineering roles and principal limitations at different stages of the product-search pipeline.
The review objectives are to summarise the principal sources of relevance loss in heterogeneous
product catalogues; examine approaches to data preprocessing, index design, and analyser
configuration; systematise query-processing mechanisms and their limitations; and examine how
textual, attribute-based, behavioural, commercial, contextual, and infrastructure-related signals are
used in product ranking.

Materials and methods

The study was conducted as an analytical review of engineering approaches to improving
product-search relevance in e-commerce systems based on Elasticsearch and OpenSearch. The
source base included recent scientific publications and industry studies addressing product-data
quality and preprocessing, search indexing, query interpretation and expansion, spelling correction,
ranking and recommendation mechanisms, user behaviour, and search-system performance.

The reviewed approaches were organised according to the principal stages of the product-
search pipeline: product-data preparation, index design, query processing, and ranking of retrieved
items. Within each stage, the mechanisms described in the reviewed sources were grouped
according to their engineering purpose, potential effect on search quality, and principal
implementation limitations. Particular attention was given to the precision-recall trade-off, zero-
result and irrelevant-result queries, filtering accuracy, computational cost, and other limitations
associated with the use of individual search mechanisms.

The reviewed materials were then descriptively classified and summarised across the
identified stages of the search pipeline. Search-quality indicators, including precision, recall, zero-
result rate, click-through rate, conversion-related metrics, query latency, and computational cost,
were considered as criteria for discussing the reviewed approaches rather than as empirically
measured variables. The study did not include benchmarking or experimental comparison on a
common dataset. Accordingly, its purpose was not to establish the quantitative superiority of
individual methods, but to systematise their engineering functions, potential effects, and limitations
in e-commerce search.

Results and discussion

Problems of search relevance in product catalogs

Based on the sources considered in this review, four recurring groups of factors affecting
relevance in e-commerce product search can be distinguished: product-data heterogeneity,
variability of user queries, semantic mismatch between user language and product descriptions, and
commercial constraints. These factors occur at different stages of the search process and are
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addressed by different engineering mechanisms described in the literature. In the e-commerce
environment, the same product may be described through its brand, model, category, functional
purpose, technical specification, color, size, material, or consumer use case. Therefore, a user query
is rarely a simple set of keywords. It represents a compressed expression of demand that must be
matched with both structured and unstructured elements of a product card [6]. If such queries are
processed insufficiently, the search system may return results that formally match the query but are
practically irrelevant, potentially reducing the usefulness of search results for the user.

One recurring source of relevance problems is the heterogeneity of product data. Information
from different sources, such as suppliers, marketplace sellers, inventory management systems, and
external databases, can result in inconsistencies in attribute names, measurement units, value
formats, categories, and the completeness of product descriptions. These differences create
difficulties when creating mappings, analyzers, and normalization rules for Elasticsearch and
OpenSearch. If attributes are not separated into distinct fields and normalised during indexing, a
larger proportion of product information may have to be processed as unstructured text. In this way,
the effectiveness of filters, faceted browsing, and ranking would be negatively impacted, especially
for complex searches using structured query elements. Thus, product-data heterogeneity represents
a relevance problem that originates before query processing and ranking are performed. However,
even a well-structured product catalog does not eliminate relevance loss, since search quality also
depends on how the system interprets user input.

The second problem category is connected to the variability of user queries. Users may enter
specific names, common categories, descriptions, abbreviations, professional terminology, jargon,
transcribed words, and even misspelled entries. Given that the search window still continues to be
one of the key gateways to a product catalog, it is necessary for the system to understand both
standardized names of products and their unstandardized variations. This problem is confirmed by
Baymard Institute’s Search UX 2026 benchmark, which analyzed more than 10,000 assessments
across over 170 e-commerce websites and applications. According to the benchmark, 56 % of
platforms did not provide sufficient support for users’ search needs, while approximately half of
usability test participants preferred to start product search through the search bar rather than through
navigation menus [7]. Thus, errors in query processing affect one of the central scenarios of user
interaction with a product catalog.

A separate problem is synonymy and the semantic gap between user language and product-
card terminology. For example, a customer may search for “running sneakers,” while relevant
products are categorized as “training shoes,” or enter “laptop for design,” although suitable items
are described through processor, graphics card, and display specifications. In such cases, simple
token matching does not reflect actual relevance. Approaches described for addressing this problem
include synonym dictionaries, morphological analysis, query expansion, field boosting for
categories and attributes, and controlled use of fuzzy search. Without appropriate configuration,
relevant items may be excluded from the retrieved set, while unrelated items may receive relatively
high scores because of accidental term matches.

Last but not least, in e-commerce, relevance is constrained by the problem that search results
that are correct might be useless at the same time. In particular, a product may fully match the user’s
query but still have a low rating, be unavailable, or be unsuitable for purchase. Conversely, a
product with lower lexical similarity may be more appropriate for the user’s actual purchase intent
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than an item with a stronger textual match. Thus, relevance in e-commerce extends beyond lexical
matching and may require a combination of textual, attribute-based, behavioural, and commercial
criteria. Therefore, the problem of relevance for product catalogs arises in the confluence of data
quality, query variation, semantics, and business aspects. Accordingly, approaches to improving
search quality are not limited to ranking adjustments at the final stage and may also involve
product-data preparation, structuring of searchable fields, and index design.

Indexing and data preprocessing as the basis of relevant search results

The reviewed approaches indicate that relevance problems observed at the ranking stage may
originate earlier, during product-data preparation and index construction. For this reason,
preprocessing and indexing were examined as interconnected components of the search pipeline
rather than as isolated technical operations. In e-commerce search, indexing is not only the technical
loading of product cards into Elasticsearch or OpenSearch but also an engineering stage of data
modelling that can influence the accuracy of search, filtering, and ranking [8]. The product card
generally holds heterogeneous data that includes the name of the product, its brand, category,
description, price, model, size, color, specifications, and availability. The lack of normalization and
separation of these data into appropriate field types can lead to incorrect matching, product
exclusion, or irrelevant product placement in search results.

Data preprocessing can influence how accurately catalogue attributes are matched with user
queries. In e-commerce systems, this stage is especially important because queries often combine
several product features rather than reproduce a full product name. If these features are not
represented in the index as searchable and filterable fields, the system becomes overly dependent on
textual matching. The main methods of preparing product data for search indexing are presented in
table 1.

Table 1.
Methods of preparing product data for search indexing

Data preparation meth- Potential effect on search relevance

od

Engineering role

Can reduce accidental matches and

Text cleaning

Removes markup, noise, service symbols,
and redundant fragments.

irrelevant results.

Case and spelling normal-
ization

Unifies variants of brands, categories, and
attributes.

Can reduce fragmentation of search res-
ults and facets.

Unit standardization

Converts values to a single measurement
format.

Can improve numeric search and attrib-
ute-based filtering.

Attribute extraction

Separates color, size, material, model, and
compatibility into fields.

Can improve filtering and category
search.

Brand and model normal-
ization

Links alternative spellings and product-line
variants.

Can improve consistency of exact
search and aggregations.

Product card deduplication

Detects duplicate or near-duplicate product
records.

Can reduce information noise in search
results.

Data enrichment

Adds tags, categories, synonyms, compatibil-
ity, and behavioral features.

Can expand search context and support
intent matching.
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After data preprocessing, the next step is to define how each product element should be
represented in the index. At this stage, the same logical entity may need to be stored differently
depending on the search purpose. The name of the product will be used for searching, whereas the
brand will be used for matching. The price is required for sorting and filtering by ranges, and the
specifications are used in faceted navigation. The use of inappropriate field types may lead to
structured data being treated as regular text or vice versa. Therefore, mappings should take into
account both the internal structure of the product card and the characteristics used for attribute
extraction and query matching [9, 10]. The main indexed field types and their functions in product
search are presented in table 2.

Table 2.

Indexed field types and their role in product search

Field group

Data examples

Preferred indexing meth-
od

Search function

Full-text fields

Product name, description,
short description.

Text fields with language
analyzers.

Natural-language product
search.

Exact values

Brand, SKU, model, product
ID.

Keyword fields with nor-
malizer.

Exact matching, aggregation,
filtering.

Category data

Category, subcategory,
product type.

Keyword fields or hierarch-
ical structures.

Category search and faceted
navigation.

Numeric attributes

Price, screen size, memory,
weight, power.

Integer, float, scaled_float.

Range filtering and sorting.

Nested attributes

Product specifications, vari-
ation parameters.

Nested or object fields.

Search by complex attribute
combinations.

Location and stock
data

Delivery region, warehouse,
availability.

Keyword, boolean, geo
fields if needed.

Regional availability and
stock-aware search.

Behavioral signals

Views, clicks, purchases, add-
to-cart events.

Numeric or aggregated
fields.

Additional ranking based on
user behavior.

Configuring analyzers is the next level of index engineering optimization. An analyzer
determines how the source text is transformed into searchable tokens. It usually includes character
filters, a tokenizer, and token filters. In product search, this makes it possible to convert words to
lowercase, remove insignificant symbols, process morphological forms, and apply stemming,
lemmatization, n-grams, or synonym dictionaries.

Multi-field usage becomes particularly beneficial when one and the same field is indexable by
means of multiple formats. For instance, the name of a product will be available in a full-text field,
a keyword field, and an n-gram field for implementing search queries for the purpose of
completion. Multi-fields with normalisers for keyword fields can be useful for values that require
normalisation without tokenisation, such as brand names, SKU numbers, product codes, categories,
colour designations, size indications, and inventory status.

This is particularly important for large marketplaces, where product data is supplied by
multiple sellers and providers. In such environments, incomplete attributes, inconsistent categories,
and different naming conventions become a systemic issue. Elasticsearch and OpenSearch may not
fully compensate for low-quality source content if product data is not validated and normalized

10



UNIVERSUM:
TEXHWYECKUE HAYKU

Ne 9 (150) ceHmsi6pb, 2026 e.

before indexing. Therefore, indexing should be integrated into a broader data management process,
while well-prepared data and a correctly designed index reduce the load on ranking mechanisms
and make search more stable as the catalog grows.

Technical mechanisms for processing user queries

The reviewed query-processing mechanisms illustrate a recurring trade-off between retrieval
precision and recall. Mechanisms intended to broaden matching or compensate for query variation
include query expansion, spelling correction, fuzzy search, and query relaxation [11, 12]. Recent e-
commerce studies also consider learned query rewriting as an approach to adapting user input
before product retrieval [13]. These approaches can reduce the number of zero-result queries but
may simultaneously increase the probability of retrieving irrelevant products. In e-commerce, this is
especially important because queries often contain typos, abbreviations, incomplete product names,
colloquial terms, mixed brand and attribute references, and implicit purchase intent. Therefore,
query processing must balance recall and precision: excessive expansion may return irrelevant
results, while overly strict matching may lead to zero-result searches and lost conversions. The main
query processing mechanisms are presented in table 3.

Table 3.

Query processing mechanisms and their potential engineering effects in Elasticsearch and
OpenSearch

Query processing mec
hanism

Technical implementation

Potential engineering ef-
fect

Potential risk

Query normalization

Lowercasing, whitespace
removal, symbol
unification, ASCII-folding.

Can improve consistency
of query-index matching.

May remove meaningful sym-
bols in model names or SKUs.

controlled synonym diction-
aries.

alternative product formu-
lations.

Morphological pro- Language analyzers, stem- | Can expand matching May merge semantically close
cessing ming, lemmatization, token | across grammatical forms. | but distinct terms.

filters.
Synonym handling Synonym token filters and | May improve recall for May over-expand queries and

mix product categories.

Typo correction

Fuzzy query, edit distance,
suggesters.

Can reduce zero-result
searches caused by input
errors.

May return irrelevant items for
short or ambiguous queries.

Autocomplete

Edge n-gram, completion
suggester, search-as-you-
type fields.

Supports incomplete input
and accelerates search.

May increase index size and
generate irrelevant suggestions.

Structured attribute
parsing

Query parsing and extrac-
tion of brand, model, size,
color, and capacity.

Converts raw input into
text, term, and range con-
ditions.

May produce parsing errors for
non-standard product names.

Field boosting

Multi-match query, field
boosting, dis_max.

Improves ranking of
matches in high-value
fields.

May penalize relevant items
with incomplete product cards.

Zero-result handling

Relaxation logic, fallback
queries, partial filter remov-
al.

Preserves the search scen-
ario when exact matches
are unavailable.

May show products that do not
satisfy critical constraints.

11
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The mechanisms presented above show that user query processing in e-commerce search
cannot be reduced to simply passing the input string to full-text search. In practical
implementations, a query may undergo several processing steps, including normalisation, linguistic
processing, typo handling, structured-attribute extraction, synonym-based expansion, and field
weighting. These mechanisms can be organised as a managed pipeline and evaluated using search
logs, frequent queries, zero-result cases, and user-behaviour metrics.

Ranking search results using textual, behavioral, and business factors

For analytical purposes, the ranking mechanisms discussed in the reviewed sources can be
grouped into six categories of signals: textual, attribute-based, behavioural, commercial, contextual,
and infrastructure-related. Their functions differ: some determine query-product correspondence,
whereas others reflect product utility, user behaviour, commercial conditions, personal context, or
the computational constraints of the search system. In product search, ranking may account not only
for lexical similarity to the query but also for alignment with user intent [14]. In e-commerce
contexts, the practical usefulness of a retrieved item may additionally depend on its availability,
required attributes, price, rating, and completeness of the product description. In Elasticsearch and
OpenSearch, this logic can be implemented through field boosting, multi-match queries, dis_max,
function score, script score, rescore, and combinations of full-text conditions with filters.
Accordingly, textual relevance may be supplemented with attribute-based, behavioural, commercial,
and contextual signals, while field weights should be adjusted according to product category and
search scenario (table 4).

Table 4.
Signal groups used in product search ranking

Signal group

Feature examples

Technical implementation

Potential ranking role

Textual signals

Product name, description,
category, brand, model.

BM?25, multi-match, dis_max,
field boosting.

Represent basic textual prox-
imity between the query and
product card.

Attribute signals

Color, size, memory capa-
city, material, technical
parameters.

Term, range, nested queries, fil-
ters, facets.

Can refine matching by spe-
cific product characteristics.

Behavioral signals

Clicks, views, add-to-cart
events, purchases.

Aggregated fields, feature store,
function score, ML models.

Can reflect observed patterns
of user interaction with
products.

Commercial signals

Margin, stock availability,

delivery time, price, rating.

Script score, rank_feature, busi-
ness rules.

Can incorporate commercial
characteristics into ranking.

Contextual signals

Region, device, user his-
tory, seasonality.

Personalized boost rules, separ-
ate indices, hybrid ranking.

Can account for the current
user or request context.

Infrastructure sig-
nals

Response time, cluster
load, index size, computa-
tion cost.

Rescore window, caching, shard
routing, script limits.

Can help manage trade-offs
between ranking complexity
and system performance.

Behavioural and commercial signals may become particularly relevant when product search
extends beyond lexical matching. If products have similar textual relevance, higher positions may
be assigned to items with stronger evidence of user interest, such as clicks, add-to-cart events, or
purchases. Short-term interaction history can also be incorporated into ranking to account for the

12
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buyer’s current search intent [15]. However, these signals require careful interpretation, since high
click-through rates may reflect visual appeal, low price, or temporary promotion rather than actual
satisfaction. These observations indicate that behavioural signals can be interpreted together with
commercial and outcome-related metrics, such as conversion rate, revenue per search, purchase
rate, and returns to search results.

Hybrid ranking architectures represent one of the approaches discussed for combining lexical
retrieval with additional ranking signals. Elasticsearch and OpenSearch can be used for candidate
retrieval, filtering, and primary scoring, while an external machine-learning component performs
additional reranking of a limited set of retrieved products. Such architectures can be used to
combine lexical and attribute-based matching with behavioural signals, user context, product
availability, and other features that are difficult to incorporate into a static scoring formula.

Taken together, the reviewed approaches show that product-search ranking can incorporate
textual and attribute-based matching together with behavioural, commercial, and contextual signals.
In Elasticsearch and OpenSearch, built-in scoring mechanisms may also be combined with
analytics, feature engineering, machine-learning components, and experimental evaluation where
these are appropriate to the search scenario.

For the purposes of this review, the discussed approaches can be summarised according to the
main stages of the product-search process, each addressing different engineering tasks and
limitations. A summary of the reviewed methods, their potential effect on search quality, and their
principal risks is presented in table 5.

Table 5.
Summary of engineering methods for improving product-search relevance

Search stage Main methods Potential effect Main limitations

Product data prepara-
tion

Normalisation, cleaning, attrib-
ute extraction, deduplication.

Potentially more consistent
data and more accurate fil-
tering.

Dependence on source-data
quality.

Index design

Text, keyword, numeric and nes-

Potential improvement in

Larger and more complex

ted fields; analysers; multi- indices.

fields.

Synonyms, typo correction, Potentially higher recall
attribute extraction, query relax- | and fewer zero-result quer-
ation. ies.

query-product matching
and filtering.

User query pro-
cessing

Possible loss of precision.

Result ranking BM25, field boosting, function
score, behavioural and commer-

cial signals.

Potential improvement in
the ordering of retrieved
products.

Weight calibration and
ranking bias.

Thus, individual mechanisms should not be considered in isolation. Their practical effects
may depend on decisions made at the data, index, query-processing, and ranking levels, as well as
on trade-offs between search quality and computational cost.

The sources considered in this review suggest that no single Elasticsearch or OpenSearch
mechanism is sufficient to address all aspects of product-search relevance. Data normalisation and
index design can support more accurate retrieval, whereas synonym expansion, fuzzy matching, and
query relaxation may increase recall at the cost of additional irrelevant results. Behavioural and
commercial signals can provide additional information for ranking but require careful weighting to
avoid excessive preference for popular or promoted products. At scale, these mechanisms may also

13



Ne 9 (150) UNIVERSUM: cenmsGpb, 2026 2.

TEXHUYECKUE HAYKU

introduce technical constraints: extensive use of n-grams and enriched fields increases index size,
complex scoring and reranking may increase query latency, and behavioural features require regular
updating and additional data-processing infrastructure. As an analytical review, the study does not
provide experimental validation or a quantitative comparison of the discussed mechanisms on a
common dataset. Accordingly, the effects described above should be interpreted as literature-based
engineering tendencies and potential trade-offs rather than as experimentally verified performance
gains.

Conclusion

The review indicates that search relevance in Elasticsearch- and OpenSearch-based e-
commerce systems can be addressed at several interconnected stages of the search pipeline. At the
data and indexing level, the key engineering measures include normalisation of product attributes
and measurement units, separation of searchable and filterable characteristics into appropriate field
types, and the use of suitable analysers and structured fields. These measures can reduce
dependence on unstructured textual matching and support more structured filtering and ranking.

At the query-processing and ranking stages, relevance depends on the controlled combination
of query normalisation, synonym handling, typo correction, structured attribute extraction, field
boosting, and fallback logic for zero-result queries. The reviewed mechanisms illustrate a recurring
precision-recall trade-off: broader matching may improve recall but can also increase the number of
irrelevant results, whereas stricter filtering may improve precision while increasing the risk of
excluding potentially relevant products. Final ranking can therefore combine textual matching with
attribute-based, behavioural, commercial, and contextual signals using mechanisms such as multi-
match, dis_max, function score, rank_feature, and rescore.

Based on the review, product-data preparation, index design, query transformation, ranking,
and operational monitoring can be considered as interconnected stages of the product-search
process. The performance of such search configurations can be assessed using retrieval,
behavioural, commercial, and infrastructure indicators, including precision, recall, zero-result rate,
click-through rate, conversion-related metrics, query latency, and computational cost. The study is
limited by its analytical design and does not include an experimental comparison of the identified
mechanisms on a common dataset, which defines a direction for further research.
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