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The growth of digital platforms has generated large volumes of Web-derived
interaction data, but these data are often noisy, duplicated, incomplete, and
temporally unstable. Recommendation quality therefore depends not only on the
ranking model, but also on how extraction, validation, and temporal control are
integrated upstream. This paper presents an end-to-end architecture in which Web
extraction, schema normalization, cleaning, deduplication, anomaly quarantine,
recency-aware processing, and recommendation generation are treated as a single
operational pipeline. The contribution is not the use of hybrid recommendation
alone, which is already common, but the explicit integration of these quality-control
stages with temporally valid offline evaluation and system-level monitoring. Four
recommendation strategies are studied within the same pipeline: global popularity,
recency-weighted popularity, implicit matrix factorization, and a hybrid method that
combines collaborative filtering with a recency-based fallback for sparse-user cold-
start situations. Experiments are conducted on a realistic e-commerce dataset
comprising approximately 50,000 users, 18,000 items, and 1.2 million interactions
under a strict chronological 80/20 split. Evaluation includes Precision@K,
Recall@K, NDCG@K, Coverage@K, sparse-user cold-start analysis, and system
indicators. Results indicate that the hybrid approach achieves the best observed
aggregate ranking performance under the present protocol, improves sparse-user
robustness (Recall@10 = 0.158), maintains broad catalog coverage (38.9%), and
remains operationally stable under the tested evaluation conditions (p95 latency =
48 ms; uptime = 99.7%). These findings support assessing recommendation quality
as a property of the full data-to-recommendation pipeline rather than of the ranking
algorithm alone.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

The explosive growth of digital platforms has reshaped
how information is produced, accessed, and monetized. In e-
commerce in particular, users continuously generate
heterogeneous traces—clicks, searches, baskets, purchases,
ratings, and textual feedback creating a rich but messy
substrate for personalization. Recommender systems have
therefore become core decision engines that reduce choice

overload while supporting engagement and revenue
objectives [1,20]. Yet, as recommendation pipelines scale, the
dominant bottleneck is increasingly less about modeling
capacity and more about the reliability of the end-to-end data-
to-ranking process [31,12,14]. A persistent issue is that Web-
derived data are inherently noisy and unstable. At ingestion
time, pipelines may face duplicated events, inconsistent
identifiers, missing fields, shifting schemas, bots, and
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abnormal interactions, all of which distort learning signals
and degrade ranking stability [12,7,29]. More broadly, the
software engineering literature has shown that data pipeline
quality problems concentrate in integration, ingestion, and
cleaning stages, with root causes often tied to data typing and
compatibility mismatches—precisely the kinds of failures
that silently propagate into downstream analytics and learning
systems [12]. In recommendation, such upstream
imperfections can be amplified: collaborative filtering models
may overfit spurious co-occurrence patterns, while
popularity-based baselines can lock into feedback loops that
reinforce exposure and concentrate attention [18,5,33]. These
effects matter operationally because they reduce catalog
exploration and can degrade user experience over time [18,
8]. Another widely observed challenge concerns temporal
dynamics. User intent evolves, item attractiveness shifts, and
external factors (seasonality, campaigns, stock availability)
introduce non-stationarity. If evaluation ignores time and
relies on random splits, offline estimates can become
optimistic and misaligned with production reality [27,15].
Conversely, strictly time-aware evaluation better reflects the
real constraint that future interactions are unavailable at
training time [27]. In production-facing settings, this temporal
mismatch is often accompanied by drift phenomena: both user
preferences and algorithmic exposure can co-evolve, leading
to performance decay and distributional shifts that must be
monitored [22,21]. These dynamics become especially visible
in cold-start contexts, where new or sparsely active users lack
sufficient collaborative evidence, making purely CF-based
ranking brittle [9,26].

In parallel, the community has placed growing emphasis on
“trustworthy” recommendation, moving beyond accuracy to
include robustness, reliability, bias awareness, and
predictable behavior under noise and adversarial conditions
[14,7,23]. Recent works highlight that robustness failures
arise not only from explicit attacks but also from natural noise
in interaction histories, which can be structural (e.g., rating
flips, corrupted feedback) and substantially harmful at scale
[29,2]. As aresult, algorithmic progress alone is insufficient:
trustworthy performance requires a pipeline view in which
data quality control, temporal validation, and ranking models
are designed and evaluated jointly [12,14,27].

Hybrid strategies are frequently proposed as a pragmatic
way to improve resilience. By combining popularity and
collaborative signals, hybrids can provide reasonable
recommendations when personalization evidence is limited,
while leveraging CF where it is reliable [20,11,19]. However,
many hybrid approaches treat upstream data processing as a
black box. In practice, without explicit mechanisms for
cleaning, deduplication, recency handling, and quarantine of
suspicious records, hybridization cannot guarantee stable
behavior: it may simply blend two imperfect signals, each
affected by data artifacts [31,12,7]. This gap is particularly
problematic when systems are built from Web extraction
stages, where input variability is the norm rather than the
exception [10,17].

Motivated by these limitations, this paper argues that high-
quality recommendation in real environments requires an
integrated architecture spanning the entire chain from Web
data extraction to recommendation serving while explicitly
controlling data quality and operational reliability. We
propose a unified pipeline that includes (i) Web extraction and
structured ingestion, (ii) automated cleaning, deduplication
and consistency checks, (iii) recency-aware processing and
temporal alignment, and (iv) recommendation modules
covering popularity baselines, implicit matrix factorization
for collaborative filtering, and a hybrid strategy that combines
collaborative and temporal popularity signals with a cold-start
fallback [31,12,20,9]. Our experimental protocol adopts a
strict temporal split to avoid leakage and reflect deployment
constraints, reporting standard top-K ranking metrics
(Precision@K, Recall@K, NDCG@K) as well as coverage
indicators to quantify catalog exploration under realistic
conditions [27,33,15].

The contributions of this study should be understood at the
architectural and evaluation levels rather than as the
introduction of a new hybrid formula. First, we formalize an
end-to-end pipeline that explicitly connects Web extraction,
normalization,  deduplication,  quarantine,  temporal
weighting, collaborative filtering, and recommendation
serving. Second, we show how these components can be
evaluated jointly through temporally valid offline metrics,
sparse-user cold-start analysis, coverage, and system-level
indicators. Third, we position the hybrid module as one
component inside a broader reliability-oriented workflow,
thereby clarifying that the novelty lies in the explicit
integration and assessment of the pipeline rather than in
hybrid recommendation alone [31,12,14].

Il. METHODOLOGY

This section describes the end-to-end methodology used to
build the proposed recommender pipeline, from Web data
extraction to collaborative filtering. The methodological
originality of the study does not rest on hybrid
recommendation alone, but on the explicit integration of
extraction, validation, temporal alignment, recommendation,
and monitoring within a single workflow. Our key stance is
that recommendation quality in production is not only a
modeling problem, but also a pipeline problem: ingestion,
data quality control, temporal validity, and serving constraints
can strongly shape the final ranking behavior [12,28].
Consequently, data quality control is treated here as a first-
class component rather than as a preliminary cleanup step
[12,14].

A. Integrated pipeline overview

Each stage of the pipeline produces inputs that are
consumed by the next stage. Web extraction yields raw
interaction events; normalization harmonizes their structure;
cleaning, deduplication, and quarantine reduce the
propagation of unreliable signals; recency-aware weighting
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converts validated events into recommendation-ready inputs;
and the serving layer exposes both ranking outputs and
operational indicators. The study therefore evaluates an
integrated chain rather than a standalone ranking module.

Figure 1 presents the global workflow. The pipeline consists
of four layers: (i) Web extraction and ingestion, (ii) quality
control and normalization, (iii) interaction modeling and
recommendation, and (iv) evaluation at both model and
system levels. Such a pipeline-oriented view is aligned with
recent work emphasizing trustworthy and operational
recommender systems, where robustness, reliability, and bias
control complement classical accuracy objectives [28,18].
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Figure 1. End-to-end architecture: Web sources — ETL & Quality Control
— Interaction Modeling — Recommender Engine — Offline + System
Evaluation.

B. Web data extraction and event representation

We assume a typical large-scale e-commerce scenario
where user behavior is captured through heterogeneous events
(view, click, add-to-cart, purchase, rating). Each raw event is
represented as:

e=(uita)),
where u is a user, i an item, t the timestamp and a the action
type. The dataset is then:
D ={ey, -, ey},

with N large (= 1.2M interactions), consistent with real-
world RS workloads [39]. This representation allows us to
keep temporal information explicit-crucial for realistic
evaluation and for recency-aware signals [19].

TABLE |
DATASET STATISTICS
Statistic Value
Domain E-commerce
Number of users | = 50,000
Number of items | = 18,000
Number of ~ 1.2 million

interactions
Interaction types

view, click, add_to_cart, purchase, rating

View ratio 62 %
Click ratio 21 %
Add-to-cartratio | 9%
Purchase ratio 6 %
Rating ratio 2%

Temporal split 80 % train / 20 % test (chronological)

C. Data quality control and reliability mechanisms
A core contribution of our methodology is a structured
quality-control layer applied before model training. In this

paper, reliability is defined in a restricted and operational
sense: data reliability refers to the consistency of validated
interaction logs, ranking reliability refers to the stability of
recommendation outputs under a temporal protocol, and
operational stability refers to service behavior under the tested

evaluation conditions. Data pipeline issues such as
duplication, schema drift, abnormal frequency, and
inconsistent identifiers can silently propagate into
downstream learning performance [31]. We therefore

operationalize quality control through deduplication, anomaly
filtering with quarantine, and temporal validation [12,28].
We detect duplicates using a composite key (u, i, t, a) within
a tolerance window At. Duplicate bursts are merged into a
single canonical event. Deduplication is necessary to prevent
inflated confidence weights and popularity artefacts [12, 18].

1). Anomaly filtering with quarantine

Rather than deleting suspicious events, we quarantine them
to preserve auditability (important for trustworthy RS
pipelines) [28, 12]. Let f,, be the interaction rate for user u
within a window. We flag events when:

fu > Myt Ao-u'

where p,, and g, are user-level historical statistics and 4 is
a sensitivity coefficient. This is motivated by robustness
studies showing that noisy or adversarial feedback-whether
intentional or natural-can significantly affect ranking stability
[28, 9].

2). Temporal validation and recency handling

To capture temporal dynamics, we assign an exponential

decay weight to event:
w(t) = exp(—y(T - 1)),

where T is the reference time and y controls decay.
Recency is widely recognized as a strong signal in e-
commerce and help reduce staleness while supporting
realistic deployment behavior [35]. At the same time, recency
can intensify popularity concentration; therefore, our
evaluation also includes coverage metrics to quantity catalog
exploration [18, 5].

D. Interaction modeling (implicit feedback)
After quality control, we build an implicit feedback r,,; by
aggregating weighted events:

Twi = Z Age) * w(te)'
€e€EDy;
where «, is an action-specific coefficient (e.g., purchase >
add-to-cart > click > view). This is a standard and scalable
way to model multi-event behavior while preserving intensity
and recency information [27]. The resulting matrix R €
RIVIXI1 s then used for collaborative filtering.

E. Recommendation strategies

We compare four methods: POP, POP-REC, CF-MF, and
HYBRID. This selection is deliberate because it allows a
partial component-wise reading of the architecture: POP
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versus POP-REC isolates the effect of recency-aware
popularity, CF-MF captures collaborative personalization,
and HYBRID shows the effect of combining collaborative
inference with an explicit fallback for sparse-user cases.
Although this is not a full factorial ablation of every pipeline
component, it provides a first decomposition of the
contribution of the main recommendation modules under a
common preprocessing pipeline [28,18,1].

The different recommendation strategies evaluated in this
work are summarized in Table 2.

TABLE II
COMPARED RECOMMENDATION METHODS USED IN THE EXPERIMENTATION
EVALUATION

Method Description Purpose

POP Global item popularity Strong non-
based on interaction personalized
frequency baseline

POP- Popularity weighted by Captures trending

REC temporal recency items

CF-MF Implicit matrix Personalized
factorization collaborative

filtering

HYBRID | CF with recency-based Cold-start

popularity fallback robustness

1). POP (global popularity)
scorepgp (i) = Z Tyie

u
POP is robust in sparse regimes but suffers from popularity
bias and low diversity [18, 5].

2). POP-REC (recency-weighted popularity)

scorepop (i) = Z Tui * @ (L)

u
This captures trending items and aligns with temporal
dynamics [19]

3). CF-MF (implicit matrix factorization)

We instantiate CF-MF as a standard implicit-feedback
matrix factorization model in which each user and each item
are represented by latent vectors. The model is trained on the
weighted interaction matrix produced after cleaning,
deduplication, quarantine, and recency processing, so that
stronger validated interactions contribute more confidence
than weak or missing ones.

r}},iQnZCui (Tui _puqi)z +/1(||pu||2 + ||Qi||2)-

u,i

Training is performed on the training split only through a
regularized optimization of the user and item factors, with
alternating updates until convergence. The same latent
dimensionality, regularization regime, and stopping criterion
are kept fixed across comparisons to ensure fairness, and no

information from the test period is used during model fitting.
In this sense, CF-MF serves as a reproducible collaborative
baseline rather than as a novel modeling contribution.

4). Hybrid (CF with cold-start fallback)

Because pure CF degrades when user history is too sparse,
the hybrid module uses an explicit gating rule rather than an
opaque score blend:

score_HYB (u, i) = {pﬂqi,
B ' scorepop rec (i),

|| =7
otherwise

If a user has at least a minimum number of historical
interactions in the training data, ranking is produced by CF-
MF; otherwise the system falls back to POP-REC. This makes
the user-side cold-start behavior explicit and auditable. The
present evaluation focuses on new or sparse users; item cold-
start is not directly benchmarked in the current protocol, so
our robustness claims are limited to user-side cold-start
conditions [9,1].

F. Experimental protocol

1). Strict temporal split

To avoid leakage and simulate deployment, we use a global
chronological split in which the oldest 80% of interactions
form the training set and the most recent 20% form the test
set. All model parameters, popularity statistics, and temporal
weights are derived from training-period information only.
This choice better reflects deployment constraints than
random splitting and reduces the risk of optimistic offline
estimates [19].

2). Offline ranking metrics

We report standard top-K metrics for K € {5,10}:
. 1 IRy NT,|
Precision@K = — ZT, Recall@K
u

U]
_ 1 NIRENT,
Ul & T
1 DCG, @K

NDCG@K = — » ———n——.
@ U] £41DCG, @K

We also compute coverage to quality catalog exploration:

c @K 1 ZlUuR{ﬂ.
Overage = |U| . Ii

apurchase > aadd_to_cart > Xclick > Ayiew-

Coverage is important to diagnose popularity concentration
effects and to evaluate diversity indirectly [18,5]. Because the
present manuscript reports aggregate results, the metric
comparisons should be interpreted as descriptive trends under
a common protocol rather than as formal statistical
significance claims.
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3). Cold-start protocol

Cold-start users are defined as those with fewer than three
interactions in training. This threshold captures typical
sparsity regimes in which collaborative filtering lacks
sufficient evidence and a fallback strategy becomes necessary
[29,27]. The current protocol evaluates user-side cold-start
only; unseen-item cold-start remains outside the scope of the
reported experiments.

The evaluation metrics used in our experimental protocol
are summarized in Table 3.

TABLE III
EVALUATION METRICS USED TO ASSESS RECOMMENDATION
PERFORMANCE
Metric Definition Objective
Precision@K Proportion of relevant Ranking
items among top-K accuracy
Recall@K Proportion of retrieved Coverage of
relevant items user interest
NDCG@K Position-aware ranking Importance of
quality item order
Coverage@K Ratio of recommended Diversity
items over catalog analysis
Cold-start Recall for users with <3 | Robustness
Recall@K interactions evaluation

G. System-level reliability evaluation

Beyond offline ranking, we log operational indicators:
quarantine rate, duplicate ratio, APl p95 latency, cache hit
rate, and uptime. This aligns with the “trustworthy RS”
perspective: recommendation quality should not be achieved
at the expense of system reliability and service constraints
[14, 24, 4].

TABLE IV

SYSTEM-LEVEL INDICATORS EVALUATING THE RELIABILITY AND
OPERATIONAL STABILITY OF THE PROPOSED ARCHITECTURE

Indicator Description Value

Quarantine rate | Proportion of interactions flagged 1.8%
and isolated during guality control

Duplicate Ratio of duplicated events detected | 3.2%

detection rate during ingestion

API latency 95th percentile response time 48 ms

(p95)

Cache hit rate Ratio of requests served from 71%
cache

Service uptime | System availability during 99.7
evaluation period %

I1l. MATERIALS AND METHODS

This section details the materials, implementation choices,
and experimental settings used to instantiate the proposed
methodology. The objective is to ensure reproducibility,
transparency, and methodological rigor, which are
increasingly required for experimental studies on
recommender systems operating under realistic constraints
[12, 28]. Unlike purely algorithmic evaluations, our
experimental design explicitly accounts for data quality

mechanisms, temporal and

execution conditions.

constraints, system-level

A. Experimental environment

All experiments are conducted in a controlled computing
environment representative of a modular recommendation
pipeline. The implementation separates data ingestion,
preprocessing, model training, recommendation generation,
and evaluation in order to reduce leakage between stages and
to make measurements reproducible [25]. The environment is
CPU-based and intended for controlled experimental
assessment rather than for large-scale production stress
testing.

The experimental environment consists of:
e  CPU-based execution for data processing and
evaluation
e Centralized storage for interaction logs
e Modular recommendation components executed
independently
This design allows model behavior to be measured with
limited infrastructural variability. Accordingly, the reported
latency and uptime values should be interpreted as
measurements obtained under the controlled evaluation
workload used in this study, not as universal production
guarantees under arbitrary user load or failure scenarios
[28,30].

B. Dataset material

The experimental material is derived from a large-scale e-

commerce interaction dataset consistent with real-world
recommender system workloads. The dataset includes
approximately 50,000 users, 18,000 items, and 1.2 million
timestamped interactions, with heterogeneous event types
(view, click, add_to_cart, purchase, rating). Such multi-event
datasets are commonly used to approximate implicit user
feedback in commercial platforms [24].
All interactions are timestamped, enabling strict
chronological evaluation. Temporal information is preserved
throughout the pipeline to support recency modeling and to
avoid training-test contamination, a critical issue in offline
evaluation studies [15].

C. Preprocessing and quality-control material

Prior to model training, the dataset undergoes a sequence
of preprocessing operations forming the quality-control
material of the system. These operations include:

e schema normalization and identifier consistency
checks

e duplicate detection and event consolidation

e abnormal interaction filtering with quarantine
logging

Data pipeline quality has been identified as a major source
of hidden experimental bias, especially when interaction logs

are directly consumed by recommendation algorithms
without validation [12, 4]. By explicitly logging quarantined
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and filtered events, the system preserves traceability and
enables post-hoc analysis of data reliability.

D. Interaction weighting configuration

To construct implicit feedback signals, interaction types
are assigned differentiated weights reflecting their behavioral
strength. Let aa\alpha_aca denote the coefficient associated
with action aaa. The ordering follows:

Qpurchase -~ Qadd_to_cart = Qclick -~ Qview-

This weighting scheme is consistent with established
practices in implicit-feedback recommendation, where
stronger user commitment signals are emphasized during
learning [18, 8]. Ratings, when present, are treated as
reinforcing signals rather than explicit supervision.

Temporal decay is applied using an exponential function,
allowing recent interactions to contribute more strongly while
preserving long-term behavioral traces [15].

E. Model configuration and hyperparameters

The collaborative filtering component relies on implicit
matrix factorization trained on the weighted interaction
matrix. User and item latent factors are learned under
regularization, with hyperparameters selected using training
data only so that model comparison remains leakage-free and
reproducible [4].

For the hybrid approach, a cold-start threshold t is defined
as the minimum number of historical interactions required for
collaborative inference. Users with fewer than t interactions
are routed to the recency-weighted popularity component,
while users above the threshold are handled by CF-MF. Such
threshold-based gating mechanisms are commonly adopted to
stabilize recommendations in sparse regimes [19].

All baselines are trained using identical training data and

preprocessing outputs to guarantee fairness across
comparisons.

F. Evaluation protocol

1). Temporal split strategy

A strict chronological split is employed:
e training set: oldest 80% of interactions
e test set: most recent 20%

This strategy reflects real deployment conditions and
avoids optimistic bias induced by random splitting, which can
substantially distort offline performance estimates [15]. It
also ensures that the influence of recency weighting and
hybrid fallback is evaluated under a temporally coherent
protocol.

2). Offline evaluation metrics

Performance is evaluated using ranking-based metrics
widely adopted in recommender system research:

e Precision@K
e Recall@K
e NDCG@K

with Ke {5,10}. In addition, Coverage@K is computed to
quantify catalog exploration and diagnose popularity
concentration effects. Cold-start performance is evaluated
separately by restricting evaluation to users with fewer than
three interactions in the training set. Since the current study
reports aggregate offline metrics, statistical significance
testing is left for follow-up experiments based on per-user
paired outputs.

G. System-level measurement protocol

Beyond offline accuracy, the experimental material
includes system-level measurements collected during pipeline
execution in the controlled environment described above:

e Quarantine rate

e duplicate detection ratio
e API p95 latency

e cache hit rate

e service uptime

These indicators allow assessment of whether ranking
improvements are accompanied by stable service behavior
under the tested workload. They should therefore be
interpreted as evidence of operational stability within the
experimental setup, not as exhaustive proof of robustness to
infrastructure failure, adversarial load, or severe noise
injection [28,30].

H. Reproducibility considerations

To ensure reproducibility, all experiments follow fixed
random seeds, consistent preprocessing pipelines, and
deterministic data splits. All evaluation scripts operate
exclusively on training-derived artifacts, preventing
information leakage. Such practices are increasingly expected
in conference A submissions, particularly in information
systems—oriented venues [25, 14]. For completeness, Table 5
summarizes the main tools and technologies used to
implement the proposed architecture.

TABLE V
TooLS AND TECHNOLOGIES SUPPORTING THE IMPLEMENTATION AND
REPRODUCIBILITY OF THE PROPOSED ARCHITECTURE

Tool /
Technology
Web crawlers /
API connectors

Layer Role in the system

Collection of raw
user—item interaction

Data extraction

logs from Web
sources
Data ingestion Python ETL Parsing,
scripts normalization, and

structured ingestion of
raw events

JAIC Vol. 10, No. 3, June 2026: 2145 — 2154



JAIC

e-1SSN: 2548-6861

2151

construction

Data storage Relational Persistent storage of
database cleaned interaction
(PostgreSQL / data
MySQL)

Quality control Rule-based Deduplication, schema
validation + consistency checks,
anomaly quarantine of
detection abnormal events

Temporal Timestamp- Recency modeling and

processing based decay temporal alignment
functions

Interaction Implicit Transformation of

modeling feedback multi-event logs into

weighted interaction
matrix

environment

Recommendation | Matrix Personalized

engine Factorization collaborative filtering
(CF-MF)

Hybrid module Rule-based Cold-start fallback
gating using recency-
mechanism weighted popularity

Evaluation Python Computation of

framework evaluation Precision@K,
scripts Recall@K,

NDCG@K, Coverage

Experiment Fixed seeds + Reproducibility and

management configuration experiment control
files

System Logging & Measurement of

monitoring metrics latency, uptime, cache
collectors efficiency

Visualization Matplotlib / Generation of curves
Seaborn and result plots

Execution Linux-based Stable and

environment server reproducible execution

platform

IV. RESULTS AND DISCUSSION

This section presents and analyzes the experimental results
obtained using the proposed integrated architecture. The
objective is not only to compare recommendation accuracy
across methods, but also to assess robustness under realistic
conditions, including cold-start scenarios, catalog coverage,
and system-level reliability. Such multi-dimensional
evaluation is increasingly recommended for trustworthy
recommender systems operating in real environments [28,
14].

A. Overall recommendation performance

Table 6 reports the global performance results for all
compared methods under standard top-K evaluation.

TABLE VI
OVERALL RECOMMENDATION PERFORMANCE

Method | P@5 | R@5 | NDCG@5 | P@l0 | R@lo | NDCG@I0
POP 0.041 | 0.093 | 0.038 0.036 | 0.132 | 0.061
POP- 0.047 | 0.108 | 0.067 0041 | 0.148 | 0.072
REC

CF-MF | 0.062 | 0.141 | 0.081 0054 | 0.197 | 0.098
HYBRID | 0.064 | 0.145 | 0.095 0.057 | 0.206 | 0.104

Figure 2 visually illustrates the accuracy differences
between the compared methods. The hybrid approach
achieves the highest observed aggregate values among the
compared methods, but the margins should be interpreted in
conjunction with the shared protocol and not as absolute
claims transferable across datasets.

Precision@5 Comparison

0.06

0.05 4

o

o

B
L

0.03

Precision@5

0.02

0.01

0.00 -

POP POP-REC CF-MF
Method

HYBRID

Figure 2. Comparison of recommendation accuracy across methods in terms
of Precision@5 and NDCG@10.

Several observations emerge.

First, POP-REC consistently improves over POP, which
provides a direct indicator of the contribution of recency-
aware popularity. Second, CF-MF improves the ordering of
relevant items relative to popularity-only baselines,
confirming the value of collaborative signals when sufficient
history is available. Third, HYBRID attains the best observed
aggregate values, suggesting that the fallback mechanism
captures part of the robustness lost by pure CF in sparse
settings. This comparison should be read as a component-
oriented analysis rather than as proof that any single module
alone explains all gains, because cleaning, deduplication, and
temporal validation are shared across all runs. In addition,
since formal significance tests are not reported in the current
manuscript, these differences are interpreted cautiously as
consistent descriptive trends under the same protocol.

B. Analysis under cold-start conditions

Cold-start performance is analyzed separately for users
with fewer than three historical interactions. Results are
reported in Table 7.
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TABLE VII
COLD-START USER PERFORMANCE
Method Recall@5 Recall@10
POP 0.082 0.121
POP-REC 0.101 0.149
CF-MF 0.037 0.064
HYBRID 0.109 0.158

As expected, CF-MF alone performs poorly for users with
very limited history, where latent factor estimation is weak.
Popularity-based methods remain more robust in this regime,
with POP-REC outperforming static POP because it better
captures recent demand. HYBRID achieves the best observed
cold-start recall by explicitly routing sparse users toward the
more dependable signal. Importantly, this result concerns
user-side cold-start only; no separate experiment on unseen
items is claimed here.

C. Coverage and popularity bias

Beyond accuracy, we evaluate catalog exploration using
Coverage@10, reported in Table 8.

TABLE VIl
COVERAGE ANALYSIS
Method Coverage@10
POP 21.3%
POP-REC 26.8 %
CF-MF 41.2%
HYBRID 38.9 %
To analyze recommendation diversity and catalog

exploration, Figure 3 reports the coverage achieved by each
method.
NDCG@10 Comparison
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Figure 3. Catalog coverage@10 for the different recommendation strategies.

Popularity-based approaches exhibit limited coverage,
recommending a narrow subset of highly exposed items. This
confirms the well-documented popularity bias phenomenon

[5].

CF-MF achieves the highest coverage by exploiting
collaborative diversity across users. HYBRID slightly
reduces coverage relative to pure CF, but retains substantially
broader exploration than popularity-based baselines. This
pattern highlights a practical trade-off: recency and fallback
rules improve robustness, whereas broad collaborative
ranking improves exposure diversity. The architecture is
therefore best interpreted as a compromise point between
accuracy, sparse-user robustness, and catalog exploration
rather than as a uniformly dominant solution on every
dimension.

D. Temporal robustness

To assess stability over time, evaluation is repeated across
consecutive temporal test slices. Performance variance
remains limited, with a standard deviation below 2.1% for
NDCG@10. This result suggests that the proposed quality-
control pipeline stabilizes feature generation and interaction
modeling under the present dataset and evaluation window. It
should nevertheless be interpreted as temporal stability under
the tested setting, not as a general guarantee against all forms
of drift or failure.

Recall@K Comparison
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Figure 4. Recall@K comparison for K € {5,10} across
recommendation methods.

w4

E. System-level reliability analysis

Table 9 summarizes system-level indicators measured
during evaluation.

TABLE IX
SYSTEM-LEVEL INDICATORS

Indicator Value
Quarantine rate 1.8%
Duplicate detection rate 3.2%
API latency (p95) 48 ms
Cache hit rate 71%
Service uptime 99.7 %

These results indicate that the ranking improvements are
not accompanied by a visible degradation of service behavior
in the controlled evaluation setup. Latency remains
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compatible with interactive use, while the low quarantine rate
suggests that quality-control mechanisms are selective rather
than excessively aggressive. However, these indicators reflect
operational stability under the experimental workload only;
they do not by themselves establish robustness to deliberate
fault injection, infrastructure outages, or heavy production
traffic.

F. Discussion

Taken together, the results provide several insights. First,
recommendation performance cannot be fully explained by
model choice alone; the consistent differences observed
across POP, POP-REC, CF-MF, and HYBRID indicate that
temporal handling and fallback logic materially affect ranking
behavior. Second, the study supports a pipeline perspective in
which data validation, deduplication, quarantine, and
temporal alignment condition the usefulness of downstream
models. Third, the architecture appears transferable in
principle to other domains that produce timestamped implicit
interaction logs, such as media, news, or educational
platforms, because its components are generic at the level of
extraction, validation, weighting, and ranking. Nonetheless,
domain transfer would still require adaptation of event
semantics, quality rules, and cold-start thresholds. Finally, the
claims of operational reliability should be read cautiously: the
current evidence supports operational stability under the
tested conditions, but not full robustness to synthetic noise
injection, system failures, or adversarial load. A dedicated
ablation study and formal significance testing would further
strengthen these conclusions.

V. CONCLUSION

This paper presented an end-to-end recommendation
architecture that explicitly connects Web data extraction, data
quality control, and collaborative filtering within a single
evaluation pipeline. Rather than treating recommendation as
a purely algorithmic task, the study argues that ranking quality
depends on the coherence of the entire data-to-
recommendation process. In the reported e-commerce setting,
recency-aware popularity improves over static popularity,
collaborative filtering improves personalization when user
history is sufficient, and the hybrid gating strategy offers the
best observed balance between sparse-user robustness,
ranking quality, and catalog coverage. At the same time, the
contribution should be understood mainly as an integration
and evaluation contribution rather than as the proposal of a
new hybrid family. Likewise, the reported latency and uptime
values support operational stability under the tested
experimental conditions, but they do not constitute exhaustive
evidence of fault tolerance or failure robustness. The
architecture is potentially generalizable to other domains built
on timestamped interaction logs, although such transfer
would require domain-specific adaptation of quality rules and
interaction semantics. Future work will therefore focus on
component-level  ablation studies, formal statistical

significance testing, explicit robustness experiments under
noise and failure scenarios, learning-based gating functions,
and broader cross-domain validation.
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