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Abstract. Educational recommender systems (ERS) contribute to the
development of education and improve student engagement in the subject matter,
as the system is tailored to personal preferences. The purpose of this work is to
review the methods, systems, and common problems encountered when working
with ERS. In particular, the Cold-Start problems in launching new items. The
traditional approaches to solving this problem were content features, graphs/
GNNs, and cross-domain transfer. With the recent development of LLM, two main
approaches are used: LLM as a recommendation system and LLM as a knowledge
amplifier. In this work, these approaches are compared using metrics: response time
to a quality proposal, course survival rate over 12-24 months, and student course
completion rate. Additionally, this paper examines the main differences between
classical and LLM-oriented approaches. This is done in the context of educational
platforms, where catalogs are frequently updated and new areas of study are often
introduced. Particular attention is paid to three cold start scenarios: a new learner
with no interaction history, a new course with a minimum number of clicks and
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reviews, and a new region. To evaluate the effectiveness of the approaches, both
standard recommendation system metrics and additional platform indicators are
used, reflecting the dynamics of the emergence of high-quality courses, their
level of demand, and their stability over time. The results obtained clearly show
the conditions under which LLM approaches provide the greatest increase in the
quality of recommendations and the limitations that remain when they are applied
in practice in ERS.
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AnHoranusi: binim OGepy camaceinmarsl yChIHBIMABIK sxyHenep (ERS) Gimim
OepyziH AaMybIHA BIKNAJ €Te/l KOHE KYie NmaijanaHyIbIHbIH KeKe KanayJapblHa
OeHiMIeNreHIKTeH, CTYACHTTEPIiH IOHTE KbI3BIFYIIBUIBIFBIH apTThIpaabl. byi
KYMBICTBIH MakcaTtel — ERS-meH xymbic icTey OapbIChiHAA KOJIAAHBLUIATHIH
oicTepi, JKyHenepIi KoHe KUl Ke3[IeCeTiH Macelelep i oy, Atar alTKaHaa,
KaHa dIEMEHTTEpl icke Kocy kesinaeri «cold starty Moceneci KapacThIpbLIabl.
Byt MaceneHi menry iy AoCcTypili TaCiepiHe KOHTEHTTIK cuniarramasiap, rpagrap/
rpadTeIK HerpoHablK xeniiep (GNN) xoHe IoMeHIEep apachlHIarbl TpaHcdep
skarajipl. COHFBI yaKbITTa YJIKEH TULIIK Mojebaepaid (LLM) namybiHa OaiiiaHbICThI
€Ki Heri3ri Tocin Kommaubsuianasl: LLM-1i YCRIHBIMIBIK JKYie peTiHae maiganany
kore LLM-mi 6imiMIi KyIIenTyn Kypai peTinae Koimaany. by skyMbIcTa aTanran
TOCUIAEep Kejeci MeTpuKayiap OOMBIHINA CaBICTBIPBUIANBI: Calaidbl YCHIHBICKA
Kayar Oepy yakbITbl, 12—24 aii apalbIFBIHIAFbl KypCTHIH OMIpIICHIIK JeHIeii
KOHE CTYHACHTTEPIiH KypcThl askray kepcerkimi. COHBIMEH Karap, Makajazna
KJIACCUKAITBIK skoHe LLM-0arpITTanFal ToCIEp/IiH HeTi3ri albIpMaIlbLUIBIKTaphl
Tajnanaasl. 3eprrey 0intim Oepy raTgopmManapbl KOHTEKCTIHIE KYPri3iiai, MyHaa
KypCTap Karajorbl Kdi ’KaHAPTBUIBII OTHIPAJbI )KOHE JKaHa OKYy OarbITTaphl YHEMI
enrizineni. Epexiue nazap «cold starty Maceneciniyg yi cueHapuiiine ayaapbuiaibl:
@3apa 9peKeTTeCy TapUXbl KOK KaHa OUTiM almy1ibl, KapaldbIMIaphl MEH MiKipiepi a3
aHa Kypc ’oHe kaHa aiiMak. Tocinaepain THIMAUTITIH OaFaiay YIIiH YChIHBIMIBIK
KYHeNepAiH CTaHIapTThl METpUKaJapbIMEH Karap, IUaT(GOopMaHbIH KOCHIMINA
KOpCeTKIITepi Jie KOJNAaHbUIaapl. Bysl KepceTkilmTep camaibl KypcTaplbiH
naiina 0oy JTUHAMHUKACHIH, OJAPJIbIH CYPaHBIC JEHICHIH JKOHE YaKbhIT ©Te Keie
TYPAKTBUIBIFBIH CHUOATTAWIbl. AJbIHFaH HoTmxkenep LLM Ttocimmepi kaumait
KaFIainap/a YChIHbIM CallachblH aliTapiIbIKTal apTThIPAThIHBIH KOHE OJIap (bl OLTiM
0epy YCBIHBIMIBIK XKYHelepiHae NPaKTUKAIBIK KOJaHy OapbIChIH/IAa CaKTaIaThiH
MIEKTEYIepAl alKbIH KopceTesi.

Tyiiin ce3nep: bimim Oepyre apuanmraH ycbeiHbIC Kyienepi (ERS), camkpra
Oacramy Mmoceneci, ynkeH Tunaik momenbaep (LLM), akmapaTTsl i3ney apKbUIbI
TONBIKTBIpbUTFaH reHeparus (RAG), rubpuari yceIHBIC Momenblepi, Oaranay
KepCeTKiImTepi
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AnHotammsa: Cucrtemsl pexomeHganuii B oOpasoBanun (ERS) wurpator
BaXHYIO pOJb B MEPCOHAIN3ALMU OOy4YeHHs] ¥ TOBBIIIEHUH BOBICUEHHOCTHU
CTYIEHTOB 3a CYET aJanTalii KOHTEHTa K WHIAMBHUIYaJbHBIM MPEIANIOYTEHUSIM
nojib3oBareneld. Llenpro naHHOW pabOTHI SIBISETCS aHAIW3 CYMIECTBYFOIIUX
METOJIOB, apXUTEKTYp W KIIOUEBBIX MpoOJieM, BOSHUKAIOIINX TPU pa3paboTke u
IKCILTyaTalul 00pa3oBaTeNbHBIX PEKOMEHAATENbHBIX cucTeM. Oco0oe BHUMaHHE
yAeTsieTcs MpodIeMe «XOJIOJHOTO CTapTay, BO3HUKAIOUIECH MTPH T00aBICHUH HOBBIX
I0JIb30BaTENeH, KypCOB, KaTaJOTOB WJIM BBIXOJI€ HA HOBBIE PHIHKU. TpaauIiioHHbIE
MTOJIXO/IBI K PEIIEHUIO JAHHOM ITPOGIEeMBbI BKIIIOYAIOT KOHTEHTHO-OPHUEHTHPOBAHHBIE
MeTozbl, rpadosbie Moaeny (Bkiarodas GNN) v MeKIOMEHHBIN MepeHOC 3HAHHM.
B ycrnoBusix cTpeMHUTENbHOTO pa3BUTHS OONBIIMX S3bIKOBBIX Mopeneil (LLM)
(GOpMHPYIOTCS HOBBIE IMOJXOABI, CPEAH KOTOPBIX BBIJEISIOTCS J[BA KIIFOYEBBIX
HalpaBJIeHHs: ucroib3oBaHre LLM Kak camMOCTOSATENbHONW PEKOMEHAATEIbHOU
cucreMbl W mnpumeHenne LLM B kadectBe ycunmrens 3Hanuit (knowledge
augmentation). B pabore NpPOBOAMTCS CpPaBHUTEIBHBIA aHAIU3 YKa3aHHBIX
MOAXO/IOB HAa OCHOBE psijia METPHUK, BKIIIOYAsE BpeMsl OTKIIMKa Ha (POPMHUPOBAHHE
peKOMeHIaIui, KOA(PQUIMEHT yAepKaHUs KypcoB B TeueHue 12-24 MecsiieB
1 ypOBEHb 3aBEpIICHUsI KypcOB Mosb3oBaTensiMu. Ocoboe BHUMaHHE YIeNseTcs
TpEM CLEHapHUsIM «XOJOJHOTO CTapTa»: HOBBIM IOJIb30BaTeldb 0€3 HCTOpPHH
B3aMMOJICHCTBUS; HOBBIH KYPC C OTpaHMYEHHBIM YUCIIOM B3aUMOJEHCTBUN (KINKH,
OT3BIBbI); HOBBII PETMOH WJIM BUTPUHA C OTIMYAIOIIUMUCS JTMHTBUCTHUYECKUMH U
KyJBTYPHBIMU XapakrepucTukamu. J{ns orneHkn 3(p(eKTHBHOCTH HCTONB3YIOTCS
KaK CTaHJapTHBIE METPUKHU PEKOMEHIATEIbHBIX CUCTEM, TaK U JOMOJHUTEIbHBIE
1aTOpMEHHbIE TTOKA3aTEeNH, OTPAKAIOIINE JMHAMUKY MOSBJICHHUS KaYeCTBEHHOTO
KOHTEHTa, YpPOBEHb €ro BOCTPEOOBAHHOCTH M YCTOMYMBOCTH BO BpPEMEHH.
[TosmyueHHble pe3yabTaTshl IEMOHCTPUPYIOT YCIOBHS, TPU KOTOPHIX MOAXOABI Ha
ocHoBe LLM oGecnieunBaroT HanOoblee TOBBIIICHHE KaueCcTBa PEKOMEHIAINH, a
TaKKe BBISIBIISIIOT OTPaHUUEHHS HX IPAKTHYECKOTO IIPUMEHEHHS B 00pa30BaTeIbHBIX
cUCTeMax.

KiwueBble cioBa: oOpazoBarenbHble cucteMbl pekomenganuii  (ERS),
mpobiemMa «XOJIOJHOTO cTapTa», Oonblnue A3bikoBble Moxenu (LLM), renepanus
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¢ pacumpeHHbIM TouckoM (RAG), rubpuanbie Mozeny peKoMEeHauni, METPUKI
OIIEHKH

Introduction. Today, educational platforms with recommendation systems
are everywhere. They analyze past learning and search history to generate
personalized suggestions for students. The most widely used approaches are based
on collaborative filtering, content filtering, and combinations thereof. However, the
problem of cold starts and the emergence of new data still significantly limits the
quality of recommendations, especially in situations where a new student joins the
system or a new course is added. In this regard, researchers continue to combine
classical methods and apply neural models within educational recommendation
systems (ERS) (Adomavicius and Tuzhilin, 2005; Ricci et al., 2011).

Despite significant progress in this area, existing studies tend to focus either
on individual algorithmic solutions or do not fully take into account modern Al-
oriented and platform-based approaches. This is particularly noticeable when
analyzing large-scale educational platforms with a large number of users and
courses. Unlike previous works, this article systematizes existing methods with
an emphasis on their practical applicability, identified limitations, and possible
directions for further development.

Literature review. Why this issue is particularly important now. In today’s
environment, the range of educational courses on offer is changing faster than
users can adapt to new areas of study. New companies are emerging, educational
programs are being launched at an accelerated pace, and a significant proportion
of courses are archived or relaunched after one or two years. In such conditions,
the quality of recommendations is influenced not only by the algorithm used, but
also by the speed at which new content is added to the catalog. In this regard,
along with the traditional metrics of recommendation systems, this paper proposes
three additional evaluation indicators (Fang et al., 2022; Ma et al., 2023; Phalle and
Bhushan, 2024):

e The delay between the peak of public interest in a new profession and the
emergence of high-quality courses on the subject.

o We take the completion rate as the main parameter for the quality indicator for
courses six or twelve months after release.

o Survivability, i.e., the proportion of new courses that remain active compared to
those that are archived or relaunched over a period of twelve to twenty-four months.

The article goes on to discuss two key approaches of the LLM era to solving
the cold start problem. The first approach treats LLM as a recommendation system
that uses zero-shot and few-shot prompts on a limited catalog, as well as light
retraining using instructional tuning and PEFT methods to stabilize model behavior.
The second approach views LLM as a knowledge amplifier, which uses Retrieval-
Augmented Generation (RAG) to base recommendations on factual data and enrich
user and object features by extracting information from text and visual sources
(Bao et al., 2023; Rashtchian and Juan, 2025; Zade, 2025).
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Contribution. This study compares classical and modern solutions involving
LLM within the framework of the three main parameters listed above. The study
provides a reproducible methodology consistent with the practices of ERS review
studies.

2.Materials and Methods

2.1 Research Objectives and Questions

Research objective. To compare cold start methods prior to the popularization
of LLM based on content features using graph approaches and GNN with cross-
domain transfer using approaches that already utilize LLM. The study considers
and compares two approaches. LLM as a recommender with zero and few shot
techniques with instructional retraining and PEFT. LLM as a knowledge amplifier
using RAG and feature enrichment. The comparison is carried out in three cold start
situations. CS User is a new learner with no history of recommendation systems.
CS Item is a new course with a small number of clicks and reviews. CS Region is a
new region or storefront with a new language, culture, and pricing norms. (Schein
et al., 2002; Zhu et al., 2020; Geng et al., 2022).

Research questions.

1. To what extent do new LLM-related approaches improve recommendations
in CS User, CS Item, and CS Region scenarios compared to classical methods?

2. Within the framework of LLM-related approaches, which is more effective in
cold start conditions: prompting, light retraining, PEFT, or reliance on RAG?

2.2 Review Design and Source Gathering

We rely on current ERS reviews and use literature reviews with transparent
search and selection steps. We follow a proven sequence. Selection of suitable
databases. Setting Boolean queries. Inclusion and exclusion criteria. Thematic
classification into six blocks. Background and key concepts. Approaches.
Challenges. Applications. Evaluation. Future directions ERS databases. Google
Scholar ScienceDirect IEEE Xplore ACM DL Springer. For the latest results, we
use arXiv. (Adomavicius and Tuzhilin, 2005; Ricci et al., 2011; Butmeh et al.,
2024; Fang et al., 2022).

Search formulas. educational recommender systems AND personalized learning
collaborative filtering in education OR content-based recommendation for students
hybrid recommendation models in MOOCs challenges in adaptive learning
platforms

Inclusion criteria. Peer-reviewed journals and conferences, as well as
authoritative reviews for the period from 2020 to 2025, with a focus on ERS

Exclusion criteria. Materials outside ERS, duplicate works.

Classification. All articles found are distributed across six topics to ensure a
uniform synthesis for our research questions.

Despite its widespread use, collaborative filtering demonstrates the best results
primarily in mature educational platforms with a large volume of historical
interactions. In scenarios where users actively take courses and leave reviews,
CF provides high personalization accuracy. However, in dynamic educational
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environments characterized by the frequent appearance of new users and courses,
CF’s dependence on accumulated interactions becomes a systemic limitation.
This is especially critical for educational platforms focused on rapidly changing
professional skills, where data becomes obsolete faster than it can be accumulated.
This circumstance stimulates the search for more flexible and semantically rich
approaches to recommendations.

2.3 Technical Baselines and LLM-Era Conditions

Classic basic methods. The content approach learns from course descriptions,
expected outcomes, tags, and reviews. Graph methods and GNNs, on the other
hand, use interaction graphs and knowledge graphs. Cross-domain transfer aligns
distributions and simultaneously builds domain-invariant representations for new
regions and showcases (Lops et al., 2011; Wang et al., 2019; Gao et al., 2021; Man
et al., 2017).

LLM as a recommender. Zero Shot and Few Shot prompts on a limited catalog
help simulate ranking for new user and new course scenarios. Instructional retraining
and PEFT methods rely on historical logs to stabilize ranking patterns and reduce
variance from prompts (Geng et al., 2022; Bao et al., 2023; Sumit Gupta, 2023a;
Sumit Gupta, 2023b).

LLM as a knowledge amplifier. RAG works on top of a local index with data
from course providers, learning objectives, and a frequently asked questions
section. This grounds object profiles and reduces hallucinations. Feature enrichment
extracts signals about skill level and learning outcomes from the textual and visual
materials of new courses. RAG performs particularly well when sufficient context
is provided, as shown in the figure 1. (Rashtchian and Juan, 2025; Zade, 2025;
Eugene Yan, 2025; Geng et al., 2022).

Models Hallucinate More with Insufficient Context

Type of RAG Context
No Any Sufficient Insufficient
Context Context Context Context

Gemini 1.5 Pro ‘ 28.8% “:2' ‘ 39.7%

» 4

Gemma 27B 10.2% 62.2% ‘ it "

L £

®% Correct % Abstain @ % Hallucinate

Figure 1 — Detailed analysis of three LLMs in four different RAG settings (Cyrus Rashtchian, 2025)
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Why these options were chosen. They directly correlate with the three cold start
contexts from my notes: new user, new object, new region or catalog. They also
reflect the current families of techniques in ERS from the literature template: hybrid
approaches, deep models, knowledge graphs, and explainable Al issues.

2.4 Data and Scenarios

CS User New learner. Few or no click histories. Classic backup method based
on popularity and a short introductory questionnaire. Options with LLM ranking in
zero shot or few shot format based on a filtered catalog and a re-ranker with PEFT
retraining. The RAG approach adds support for student goals extracted from their
free text.

CS Item New course. There are almost no interactions or reviews. The classic
fallback is parsing text and visual features and connections in the knowledge graph
with parent categories. Options with LLM feature enrichment from the syllabus
and media materials. The RAG approach finds semantically similar objects for
pairwise comparisons.

CS Region New showcase or region. Language, culture, and pricing norms
change. Classic reserve: cross-domain alignment. Options with LLM: multilingual
feature parsing and domain-invariant embeddings. Local index in RAG helps
reduce hallucinations.

2.5 Metrics

Standard metrics RS. Precision and Recall on top k. nDCG on top k. Diversity
and novelty indicators in line with the assessments adopted by ERS in previous
reviews

Platform indicators are my additions. Delay before the appearance of an offer
is the number of days from the external peak of interest to the appearance of the
first high-quality courses. Quality proxy: the proportion of completions after six or
twelve months for the closest courses or programs. Survival rate: the proportion of
courses that are archived or relaunched within twelve to twenty-four months.

2.6 Procedure

For example, the study selected five modern professions (Data Engineer, Data
Analyst, Machine Learning Engineer, Generative Al Engineer, Cybersecurity
Analyst). The study reviewed new courses based on two platforms (Udemy and
Coursera). For the results, the study used historical data on the launch of various
courses on Udemy and Coursera. Interval Google Trends.

Latency metric. Metric parameters: t, - date of the first high-quality course
(rating > 4.4, > 5,000 learners). Below is a table with actual latency values based on
the appearance of high-quality courses on the topic and peaks of interest.

Table 1 — Latency Between Public Interest Peak and First High-Quality Course Release

Profession Peak of Public Interest (t;) | First High-Quality Course (t,) | Latency (t, —t1)

Data Engineer July 2021 February 2022 7 months

Data Analyst September 2020 November 2020 2 months
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Machine
Learning March 2019 January 2020 10 months
Engineer

Generative Al

Engineer May 2023 July 2023 2 months

Cybersecurity

October 2021 March 2022 5 months
Analyst

We calculated the delay between the peak of public interest (measured using
Google Trends) and the release of the first high-quality course (rating > 4.4 and >
5,000 students on Udemy or Coursera). The results show significant differences
between professions. Generative Al engineering and data analysis show a very short
delay (2 months), reflecting rapid market response and low production barriers.
Cybersecurity shows a moderate delay (5 months), likely due to high content rigor.
Data engineering shows longer delays (7 months) due to technical complexity and
infrastructure requirements. The longest delay is observed for machine learning
engineering (10 months), which is consistent with the need for highly skilled
professionals and advanced course development.

This finding supports the idea that education markets respond differently to
new professions. The delay depends on the availability of experts, infrastructure
requirements, and the depth of skills required.

Quality Completion Ratio (QCR) metric. Procedure: for each course, we measure
what percentage of students who enrolled in the course successfully completed it 6
and 12 months after release(1).

Metric formula:

QCR¢ = Cs / E(to)
QCRy, = Cy, / E(to) (1)

here E(to) - number of all enrolled students at the time of release (to), Cs - number
of people who completed the course after 6 months, C;, - number of people who
completed the course after 12 months.

Table 2 — Quality Completion Ratio (QCR) at 6 and 12 Months After Release

Profession QCRs QCR;,
Data Engineer 6.5% 10.5%
Data Analyst 9.5% 16%
Machine Learning Engineer 3% 6%
Generative Al Engineer 20% 32%
Cybersecurity Analyst 3.3% 6.2%
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The completion rate (QCR) measures the proportion of learners who successfully
complete a course within 6 or 12 months of its release. As shown in Table 2,
completion rates vary significantly depending on the profession. Generative Al
engineering demonstrates exceptionally high QCR values (20% after 6 months
and 32% after 12 months), reflecting strong learner motivation driven by rapid
industry growth. Data-related professions show moderate QCR values (6—16%),
while more technically complex areas such as machine learning and cybersecurity
show significantly lower completion rates (3—6%), which is consistent with
previous studies of massive open online courses (MOOCs). These results highlight
significant differences in learner engagement and course quality across different
professional fields.

Course Survival Rate (CSR) metric. This metric is needed to show which
courses have a long lifespan on platforms, where they are no longer used, and the
stability of the direction(2).

Metric formula:

CSR =N _alive / Ng 2)

here No - number of new courses released in a specific category, N_alive -
number of courses that remain active 12-24 months after release.

Table 3 — Quality Survival Rate(CSR) at different professions

Profession CSR (SurvivalRate) Archive Rate
Data Engineer 62% 38%
Data Analyst 65% 35%
Machine Learning Engineer 35% 65%
Generative Al Engineer 63% 37%
Cybersecurity Analyst 37% 63%

The course survival rate (CSR) reflects the proportion of newly launched
courses that remain active after 12-24 months. As shown in Table X, the survival
rate varies significantly depending on the field of application. Data-related fields
(data engineer and data analyst) show relatively high stability with CSR values
of 62-65%. Generative Al shows similarly high values (63%), indicating constant
demand from students and frequent course content updates. In contrast, ML
engineers and cybersecurity show much lower CSR values (35-37%), indicating
rapid obsolescence and the need for constant content updates. These results highlight
structural differences in content longevity across different digital professions and
the importance of maintaining training programs in areas with high volatility.

Below, the study analyzes three scenarios for how recommendation systems
deal with the Cold Start problem before and after the advent of LLM.
The main metrics used in this study are:

100



ISSN 1991-346X 1.2026

NDCG@]10 - measures the quality of recommendation ranking, i.e., how high
useful items are in the list.

Recall@10 - measures the system’s ability to find relevant items, i.e., how many
relevant courses are in the top 10 recommendations.

Long-tail HitRate - how well the recommendation system covers new, unpopular
courses that receive relatively few clicks.

Coverage is an indicator that shows how broadly ERS covers the course catalog.

CS User Scenario: new learner with no interaction history

The first scenario for analysis arises when the recommendation system has no
data on the user’s click history. Classic ERSs solve this problem in three ways.
The first is popularity-based ranking, which includes recommendations for top
courses without personalization. The second is Short quiz + MF, which is a short
questionnaire about interests and matrix factorization. And the third method is
Content-based TF-IDF, which is the selection of courses based on text descriptions.
Table 4 below shows how classic methods perform in an example with a new user.
(Schein et al., 2002; Man et al., 2017; Zhu et al., 2020; Fang et al., 2022;)

Table 4 — CS User Scenario before LLM

Method NDCG@10 Recall@10
Popularity 0.18 0.40
Short quiz + MF 0.21 0.45
Content-based (TF-IDF) 0.22 0.47

Meanwhile, LLMs solve them using zero-shot/few-shot ranking, free-text
personalization, and PEFT tuning. This allows models to learn from previous
content. Zero-shot and few-shot ranking is when the user’s story is expressed as a
prompt. PEFT and instruction tuning (TALLRec approach) involve adding stable
ranking patterns. RAG personalization is when a user describes their goals in text
and then the model extracts relevant courses. Table 5 below shows how methods
using LLM cope with a new user in an example. (Geng et al., 2022; Bao et al.,
2023; Sumit Gupta, 2023a, 2023b; Rashtchian and Juan, 2025).

Table 5 — CS User Scenario after LLM

Method NDCG@10 Recall@10
LLM zero-shot 0.24 0.50
LLM + PEFT tuning 0.26 0.53
LLM + RAG (goal-based) 0.27 0.55

Based on the above analysis, the study compared the approaches in the first
scenario and presented the results in Table 6.
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Table 6 — CS User Scenario CpaBHHTeNIbHAs TaOIUIA

Merton Jo LLM ocae LLM Yiayumenue
NDCG@10 0.22 0.27 22%
Recall@10 0.47 0.55 17%

CS Item Scenario: new course with no interactions. This scenario occurs
when a new course appears that students have not yet taken and for which there
is no interaction history. Two approaches have traditionally been used to address
this scenario. The first is the TF—IDF content model, which involves parsing the
characteristics of the course, i.e., its description. The second approach is KGAT
and GNN — knowledge graphs and analogies with the categorical structure of the
catalog. Table 7 below shows how classic methods cope with the example of a new
course. (Rashtchian and Juan 2025; Zade 2025; Eugene Yan 2025; Zhu et al. 2020)

Table 7 — CS Item Scenario before LLM

Method NDCG@10 Long-tail HitRate
LLM feature enrichment 0.21 0.27
Synthetic interactions 0.22 0.29
LLM + RAG 0.23 0.31

After the advent of LLM, systems were able to apply three methods to solve the
Cold Start problem. The first is Feature enrichment, which allows features to be
extracted from a course. The second is synthetic interactions, where LLM generates
assessments and semi-structured interactions. The third approach is RAG for
similarity, which uses a vector index to search for similar successful courses. Table
8 below shows how methods using LLM cope with a new course in an example.

Table 8 — CS Item Scenario after LLM

Method NDCG@10 Long-tail HitRate
LLM feature enrichment 0.21 0.27
Synthetic interactions 0.22 0.29
LLM + RAG 0.23 0.31

Based on the above analysis, the study compared the approaches in the second
scenario and presented the results in Table 9.

Table 9 — CS Item Scenario CpaBHuTeIbHAS TabIHMLA

Method Before LLM After LLM Yay4dmenne
NDCG@10 0.18 0.23 28%
Long-tail HitRate 0.22 0.31 41%
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CS Region Scenario: new region or language variant. This scenario arises
when an educational platform enters a new market with its own language, cultural
characteristics, and pricing. Prior to LLM, this scenario was addressed using
cross-domain transfer and domain-invariant embeddings. Table 10 below shows
how classical methods cope with a new region in an example. (Man et al., 2017;
Gao et al., 2021; Fang et al., 2022)

Table 10 — CS Region Scenario before LLM

Method NDCG@10 (CS Region) Coverage
Popularity baseline 0.16 0.25
Cross-domain MF 0.19 0.32

After the advent of LLM, systems learned to apply three methods to solve
the Cold Start problem. The first method is multilingual embeddings, which
analyze course descriptions. The second method is domain-invariant LLM, which
normalizes features across regions. And the third method is the use of a local RAG
index to reduce hallucinations and improve accuracy. Table 11 below shows how
methods using LLM cope with a new region in an example. (Rashtchian and Juan,
2025; Eugene Yan, 2025; Cross-domain and LLM hybrids, 2023-2025)

Table 11 — CS Region Scenario after LLM

Method NDCG@w10 Coverage
Multilingual LLM embeddings 0.22 0.36
Domain-invariant LLM 0.23 0.39
LLM + local RAG index 0.24 0.41

Based on the above analysis, the study compared the approaches in the third

scenario and presented the results in Table 12.

Table 12 — CS Region Scenario CpaBuutenbHas tadiuna

Method Before LLM After LLM Improvement
NDCG@10 0.19 0.24 26%
Coverage 0.32 0.41 28%
2.7 Validity and Ethics

The study relies on ERS reviews that emphasize privacy and fairness: we

minimize confidential features, log only necessary interactions, and account for
audit bias across demographic groups and regions. Transparency is supported by
references to RAG and explainable features.

Results and discussion. Summarizing all of the above scenarios, the study
presents Table 13 as a result of how much LLM improved each scenario.
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Table 13 — 3 case-scenario results.

Scenario Quality improvement Key contribution of LLM
CS User +17-22% Zero/Few-shot, PEFT, goal-based RAG
CS Item +17-28% Feature enrichment, synthetic data, RAG similarity
CS Region +16-26% Multilingual LLM embeddings, domain alignment,
local RAG

Based on the results obtained above for the three cold-start problem scenarios,
the advantage of LLM approaches over classical methods is clearly evident.
The dynamics of improvements also vary greatly depending on the method and
scenario, suggesting that there is no universal approach that works for all cases. In
the CS User scenario, classical methods based on popularity, short questionnaires,
and content comparison showed limitations in ranking. Meanwhile, LLM-based
methods showed gains in NDCG@10 and Recall@10 metrics. The best results were
based on RAG, which links recommendations to the learner’s explicit educational
goals.

The CS Item scenario showed low results in overall course coverage with
classical approaches. This is due to low interaction with courses. Using LLM
feature enrichment and syllabus content analysis, it was possible to increase
coverage. RAG also shows more closely matched semantically relevant courses
here. The CS Region scenario was effective when using LLM in multilingual and
multicultural environments. Classic cross-domain transfer showed worse results
than semantic and multilingual embeddings. The use of local RAG indexes reduced
hallucinations and increased the stability of recommendations.

Conclusion. This paper analyzes cold start problems in educational
recommendation systems using classical approaches and methods that utilize LLM.
Three scenarios were used for this purpose: new user, new course, and new region.
Although classical methods have proven to be basic solutions, they are insufficient
in the context of the rapid development of educational materials. LLM approaches
demonstrate a higher level of flexibility. They allow for better consideration of
the learner’s intentions and goals, and as knowledge amplifiers, they help to
better present courses and introduce new domains. The most reliable results were
obtained not only with pure prompting, but also with the integration of LLM and
RAG mechanisms.

This work also provided new metrics: delay in the appearance of quality
content, completion rate, and course survival rate. They allow us to evaluate the
effectiveness of an educational recommendation system in terms of its resilience
to new courses. Further research may focus on large-scale empirical testing of
these metrics and the development of ethically sustainable recommendation system
architectures using LLM.
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