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Abstract-Existingapparelrecommendationsystemsrelyon

aprobabilisticapproach,generatingproductsuggestionsbased on
a user’s purchase and return history. While this works for
returning customers, it fails entirely for new users who lack
interaction history— a well-knownchallengecalled thecold-
startproblem. Thispaperproposesanimproviseddeterministic
recommendation system that resolves this limitation by
collectingprecisebodymeasurementsfromusersatthetimeof
registration.Productsarethenrecommendedbasedonadirect
mapping of item size specifications to the user’s provided
measurements. Additionally, the system introduces a unified
size normalization framework that maps sizing labels from
multiple retailers onto a single standardized measurement
system, eliminating inconsistencies caused by brand-specific
sizingconventions. Theproposedapproachensureseveryuser
receives accurate, fit-guaranteed recommendations from their
very first interaction, regardless of purchase history.
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1. INTRODUCTION

Onlineapparelretailhasgrownrapidly, offeringmillions of
products across thousands of retailers. Despite this variety,
customers frequently struggle to find items that fit correctly,
resultinginhighreturnratesandpooruserexperience. Amajor
contributortothisproblemistherecommendationmechanism
used by most platforms, which operates probabilistically —
inferring future preferences from past purchase and return
behaviour.

Thisprobabilisticapproachworksreasonablyforreturning
users who have rich interaction histories. However, for new
users registering on a platform for the first time, no historical
data exists. As a result, such users receive generic best-seller
recommendationsorcompletelyirrelevantsuggestions. Thisis
the cold-start problem and it is one of the most significant
limitations in modern recommendation system design.

A further challenge in apparel recommendation is the
inconsistencyofsizingacrossretailersandregions. Asize“M”
from one brand may correspond to a size “L” or “S” from
another, causing confusion and incorrect purchases even for
experiencedshoppers.

This paper proposes a deterministic apparel
recommendationsystemthatresolvesbothissues.Bycollecting
bodymeasurementssuchaschest,waist,hip,andinseamfrom
users during registration, the system generates precise, size-
matched recommendations without requiring any purchase
history. A unified size normalization layer further maps the
sizing conventions of multiple retailers onto a single
standardized system, ensuring consistent and accurate
recommendations regardless of source retailer.

© 2026, IJSREM | www.ijsrem.com

DOI: IJSREM.RACCES032 |

2. LITERATUREREVIEW

Recommendation systems have been widely studied.
Collaborative filtering (CF), introduced by Goldberg et al.
(1992), predicts preferences by identifying users with similar
purchase behaviour. Matrix factorization methods such as
SingularValueDecomposition(SVD)improvedthescalability of
CF (Koren et al, 2009). Content-based filtering (CBF)
recommends items based on attributes of products a user has
previouslyliked.

Both CF and CBF are inherently dependent on historical
user data and cannot address the cold-start problem for new
users. Prior works on cold-start mitigation have explored
onboarding questionnaires, demographic data, and social
graphs, but none leverage anthropometric body measurement
data as the primary recommendation signal.

Sizing inconsistencyacross retailers is a recognized issue.
Studies have shown significant variation in garment
measurements for the same nominal size label across brands and
regions (Ashdown, 2007). To the best of the author’s
knowledge, no existing commercial recommendation system
incorporates cross-retailer size normalization as a core
component of its recommendation pipeline.

3. PROBLEMSTATEMENT

Current apparel recommendation systems suffer from two
critical shortcomings that the proposed system directly
addresses:

(i) Cold-Start Failure: New users with no purchase or
return history receive inaccurate or irrelevant product
recommendations, as the probabilistic model has no data to
operate on.

(ii) Cross-RetailerSizeInconsistency:Differentretailers
use different size labelling conventions. A product
recommended in the correct nominal size maystill be physically
incompatible with the wuser, leading to returns and
dissatisfaction.

4. PROPOSEDSYSTEM

The proposed system is built on a deterministic filtering
paradigm. Unlike probabilistic systems that assign likelihood
scores based on inferred preferences, the proposed system
deterministically includes or excludes products based on
whether the product’s physical size specifications match the
user’s registered body measurements.

UserRegistrationandMeasurementCollection

During registration, users are prompted to enter key body
measurements:chestcircumference(cm),waistcircumference
(cm), hip circumference (cm), shoulder width (cm), inseam
length (cm), andheight(cm). A guided interface with visualaids
assistsusersinself-measuringaccurately. Thesemeasurements
arestoredintheuserprofileandserveastheprimaryinputto
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therecommendationengine,immediatelyenablingaccurate
recommendations from the very first session.

UnifiedSizeNormalizationFramework

Each retailer submits a size specification table mapping their
labels (XS, S, M, L, XL or numeric sizes) to actual garment
measurements in centimetres. The system maintains a Master
Measurement Index (MMI) — a centralized repository of
measurementrangesforeachnormalizedsizecategory. Whena
product is listed, its retailer size label is automatically converted
into absolute measurement ranges via the MMI, ensuring all
productsacrossallretailersareindexedusingthesameunified
measurement-based system.

Table-1:Cross-RetailerChestSizeNormalization(cm)

Retailer XS S M L
RetailerA 80-84 84-88 88-93 93-98
RetailerB 78-83 83-87 87-92 92-97
RetailerC 81-85 85-89 89-94 94-99
MMI 79-84 84-88 88-93 93-98
(Normalized)

DeterministicRecommendationEngine

Givenauser’sregisteredmeasurements,theenginequeries the
product catalogue for all items whose normalized MMI
measurementranges encompass the user’s bodymeasurements.
This eligible productpool is thenrankedbysecondarycriteria
such as price, rating, and availability. This deterministic filtering
guarantees that every recommended product is physically
compatible with the user — a guarantee no probabilistic
approach can provide.

5. RESULTSANDDISCUSSION

The system was prototyped and evaluated on a dataset of
25,000 product listings from 12 retailers and 3,000 simulated
user profiles with registered body measurements. A standard
probabilistic collaborative filtering system was used as the
baseline for comparison.

Thedeterministic  systemachieveda fitaccuracyof94.2%
versus61.7%fortheprobabilisticbaseline.Fornewuserswith zero
purchase history, the probabilistic baseline dropped to 38.4%,
while the deterministic system held at 94.2%
demonstrating complete resolution of the cold-start problem.
Thesizenormalizationframeworksuccessfullyreconciledsize
labels across all 12 retailers with 98.6% mapping accuracy.

Table-2:SystemPerformanceComparison

Metric Probabilistic Proposed
FitAccuracy(All Users) 61.7% 94.2%
FitAccuracy(New Users) 38.4% 94.2%
Cold-StartResolved No Yes
Cross-Retailer No Yes
Consistency
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6. FUTUREWORK

Futureenhancementsincludeintegrating3Dbodyscanning
via mobile cameras to automate measurement extraction,
removing manual input burden. The system will also be
extendedtoaccountforfabricstretchandgarmentcut(slim-fit,
regular-fit, loose-fit) to further improve recommendation
accuracybeyondnominalmeasurementmatching. Afeedback
loopusingreturndataannotatedwithsize-relatedreasons will
continuously refine the MMI and retailer size mappings over
time.

7. CONCLUSIONS

This paper presented a  deterministic apparel
recommendation system designed to overcome the critical
limitations of existing probabilistic approaches. Bycollecting
body measurements at registration, the system delivers fit-
guaranteedproductrecommendationstoallusers—including
newuserswithnopurchasehistory—fullyresolvingthecold- start
problem. The wunified cross-retailer size normalization
framework ensures recommendations remain consistent and
physically accurate regardless of the source retailer.

The proposed system represents a fundamental shift from
predicting what a user might like to deterministicallyidentifying
whatwillfit. Evaluationconfirmssignificantimprovementsin  fit
accuracy and cross-retailer consistency, validating the
practicality of the approach for real-world e-commerce
deployment.
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