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Abstract— Al has come a long way fast and totally
changed how companies think about product
intelligence. Basically, it’s shifted how they gather info,
make sense of it, and use it to take action. This review
just walks through how these Al systems have developed
over the past decade, touching on stuff like NLP,
computer vision, graph neural networks, and knowledge
graphs that have driven a lot of this change. Although all
this progress has added depth to analysis and helped
bring more structure to messy product catalogs, plenty
of challenges are still hanging around. When you look
closely at real-world applications and research, you keep
running into the same issues—Ilike inconsistent data, a
lack of shared standards, and the opaque, black-box
nature of many Al decisions.

To tackle these persistent problems, the article suggests
a more flexible, multi-modal framework that could help
product intelligence systems work better in practice. It
also points out a few important directions for future
research—like making models easier to interpret,
expanding their use across industries, and designing
them with sustainability in mind—to keep up with the
growing complexity of today’s product ecosystems.

Index Terms—  Artificial Intelligence; Product
Intelligence, Attribute Extraction, Graph Neural
Networks

[. INTRODUCTION

Al is becoming a regular part of how companies deal
with product info. It touches everything—from overall
strategy to the day-to-day stuff. Using machine
learning and data crunching, Al tools help make sense
of both the basics, like size and color, and the trickier
things, like what customers feel, where the market’s
heading, or how long a product will stay useful.

As digital tools take on a bigger role in developing and
selling products, and as the data keeps piling up in
volume and complexity, companies are feeling more
pressure to put systems in place that can handle messy,
mixed data and turn it into something they can actually
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use. With so much data coming in and digital change
happening fast, there’s never been a stronger need for
tools that can wrangle big, varied product datasets—
structured or not—and make sense of them quickly.

This topic has gotten a lot more important lately,
thanks to a mix of different trends all coming together.
For one, the explosion of e-commerce, digital
marketing, and IoT means companies are swimming
in product data—most of it just sitting there unused
because they don’t have smarter systems to process it.
At the same time, as competition heats up in global
markets, businesses are under more pressure to stay
ahead by getting real-time insight into how products
are performing, what customers are doing, and where
operations could run better.

All of this is making companies step back and figure
out how they deal with product intelligence and their
bigger data plans. Al is jumping in to help by taking
over a lot of the grunt work—collecting data, pulling
out product details, sorting everything into categories,
and turning it into insights people can actually use.
These tools have opened the door to all kinds of things,
like keeping inventory in check, setting prices that
adjust on the fly, designing better products, and
creating more tailored experiences for customers [3].

Right now, product intelligence is basically where
different Al tech—stuff like machine learning, NLP,
and knowledge representation—starts to click together
in ways that are actually useful. It powers core abilities
like perception, reasoning, and decision-making, and
you can already see it showing up in the real world.
Retail, healthcare, energy, manufacturing—all of
these industries are using smart data to make everyday
choices. It’s not just about improving daily operations,
either. It also helps companies figure out bigger
strategic decisions. And the fact that it connects
directly to digital transformation and making
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businesses more resilient is a big reason why it’s
becoming such an important area for both researchers
and people building real-world systems [4].

Even with all the progress so far, Al-powered product
intelligence still has some big hurdles. One of the
biggest is just how messy and inconsistent product
data can be, especially when you’re dealing with
online marketplaces and complicated supply chains.
You get information in all kinds of formats, with labels
that don’t match, duplicate records, or missing
details—which makes it tough for Al systems to sort
things out and pull anything reliable from it.

A lot of algorithms also have trouble staying accurate
across different situations or adapting fast when
product categories change or customer preferences
shift [5]. Another issue that comes up a lot is the lack
of transparency around how AI models make their
recommendations or decisions, which affects both
trust and meeting regulations. And even now, there
still aren’t many strong frameworks that actually tie
product attribute recognition to real operational
tasks—like planning inventory or adjusting to market
changes—so there’s still a pretty big gap between data
insights and putting them into action [6].

This review takes a look back at how Al has shaped
product intelligence over the last decade, zeroing in on
the core techniques that keep coming up—deep
learning, NLP, knowledge graphs, graph neural
networks (GNNs), and reinforcement learning [1]. It
takes a critical look at how these approaches have been
used, where they’ve worked well, and where they still
fall short. By tracing how these tools have developed
and pointing out what’s still missing, the article aims
to offer something useful for researchers,
professionals, and policymakers who want to build

smarter, more adaptable product systems [5].

2349-6002

Year | Title Focus Findings (Key
results and
conclusions)

2015 | Product Attribute | Attribut | Achieved

Extraction from | e significant

E-commerce extracti | improvement in

Sites Using | on from | attribute

Conditional unstruct | identification

Random Fields ured using CRFs
product
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descript | over rule-based
ions methods [7].

2016 | Learning Product | Automa | Proposed a
Taxonomies for | tic hierarchical
E-Commerce taxono | classification

my model using
inductio | word

n  for | embeddings and
product | improved
classific | taxonomy

ation alignment [8].

2017 | Neural Product | Deep Introduced a
Attribute learning | BiLSTM-CRF
Extraction: End- | for pipeline that
to-End Learning | attribute | significantly
of Product | extracti | outperforms
Representations on traditional ML

models in noisy
e-commerce
texts [9].

2018 | Automatic Multi- Combined
Product modal CNNs (for
Categorization classific | images) and
using Multi- | ation LSTMs (for
modal Deep | using text), improving
Learning images | accuracy in

and text | multi-category
classification by
12% [10].

2018 | A Deep Learning | Product | Presented
Framework for | entity Siamese neural
Product resoluti | networks to
Matching in | on and | match products
Online matchin | across
Marketplaces g marketplaces,

achieving high
precision  and
recall [11].

2019 | Knowledge Integrat | Demonstrated
Graphs for | ion of | improvements
Product knowle | in semantic
Intelligence dge search and

graphs | attribute
in inference using
product | graph-based
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modelin | knowledge
g representation
[12].

2020 | Leveraging NLP Fine-tuned
BERT for | with BERT for
Product transfor | various  tasks
Description mers in | (classification,
Understanding product | summarization)

underst | on product

anding | descriptions
with strong
generalization
[13].

2021 | Graph Neural | GNNs Applied GNNs
Networks for | in to model
Product product | complex inter-
Recommendation | relation | product
Systems ship dependencies

modelin | and user-

g product graphs,
enhancing
recommendatio
n diversity [14].

2022 | Unified Foundat | Proposed a
Representations | ion unified model
for Product | models | combining text,
Intelligence for images, and

product | metadata;

embedd | facilitated zero-

ings shot transfer
learning across
domains [15].

2023 | Explainable Al | Interpre | Introduced XAI
for Product | tability | techniques
Intelligence in Al- | (SHAP, LIME)

driven for  attribute-

product | based

systems | recommendatio
ns;  enhanced
user trust and
regulatory
compliance

[16].

Table: Summary of Key Research Papers in Al-
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Powered Product Intelligence

II. PROPOSED THEORETICAL MODEL FOR AI-

Al-powered product

POWERED PRODUCT INTELLIGENCE

intelligence  systems are

fundamentally designed to process complex product
data, extract relevant attributes, infer context, and
generate actionable insights for decision-making. This
proposed model comprises six interlinked layers,
integrating both traditional and state-of-the-art Al
approaches.

2.1. Theoretical Framework Overview

The theoretical model is conceptualized as a six-layer
architecture:

The theoretical model is conceptualized as a six-layer

architecture:

Layer 1: Data Ingestion

Sources: Product descriptions,
reviews, specifications, customer feedback,

inventory logs.

images,

Tools: Web crawlers, APIs, data lakes.

Purpose:  Consolidate  structured and
unstructured  data  from
platforms, ERP systems, and IoT devices.

€-commerce

Layer 2: Preprocessing and Cleaning

data
image

Tasks:  Deduplication,  missing
imputation, tokenization,
normalization.

Algorithms:
augmentation,
methods [17].

Regular
semantic

expressions, data
deduplication

Layer 3: Attribute Extraction

NLP and CV modules extract product
attributes such as size, color, material, brand,
etc.

Techniques: BiLSTM-CRF, transformer-
based models (e.g., BERT), object detection
CNNs [18].

Layer 4: Knowledge Representation
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Data is transformed into structured formats
like ontologies and knowledge graphs.
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e Tools: RDF, OWL, Neo4j, and graph
embeddings (e.g., TransE, Node2Vec) [19].

Layer S: Inference and Reasoning

e Semantic reasoning and link prediction to
infer missing attributes and relationships.

e  Techniques: Graph neural networks (GNNs),
rule-based engines, probabilistic reasoning
[20].

Layer 6: Action and Insights Delivery

e  Outputs: Recommendations, market trends,

inventory suggestions, dynamic pricing

alerts.

e Interfaces: Dashboards, RESTful APIs, alerts
systems.

2.2. Block Diagrams

(Web, IoT. ERP, Reviews)

EKnowledge

Preprocessing & Attribute &
Cleaning Feature Extraction Representation

Inference & Actionable
Reasening Insights

Figure: High-Level Block Diagram of the Proposed
Model

CNN Feature ] [ Object Visual Attribute
(Pruduct Images Extraction Detection Recognition )
Tokenized Text POS Tagging Entity Attribute Mapping
& Metadata +NER Recognition (Ontology Linkage)

Figure: Detailed Internal Workflow of Attribute
Extraction Layer

2.3. Justification of the Model

This layered approach allows for modular
development, scalability, and domain adaptation. Each
component can be upgraded or replaced without
affecting the entire system architecture. For example,
if a more accurate NLP model is introduced, it can be
integrated directly into the Attribute Extraction Layer

without altering the Knowledge Representation layer.
Why it matters:

e Traditional pipelines often fail due to data
inconsistency and poor integration between
text and visual modalities. This model
bridges that gap using multi-modal learning
and semantic alignment [21].

e The inclusion of GNN-based inference
enables robust decision-making based on
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relational data—a major advancement over
flat tabular models [22].

Challenges addressed:

e Data heterogeneity: Managed by advanced
preprocessing and multi-modal learning.

e Lack of standardization: Solved through
ontology-driven knowledge representation.

e Limited interpretability: Explainable Al
(XAI) tools can be attached at the output
layer to increase trust in insights [23].

2.4. Application Areas of the Model

e Retail: Automating catalog creation,
personalized product recommendations.

e  Manufacturing: BOM (Bill of Materials)
attribute management.

o Healthcare: Intelligent drug and device
catalogs.

e Energy Sector: Optimizing solar panel
product configurations based
environmental data.

on

In-Text Citations Sample

Recent models emphasize combining NLP and CV for
more accurate attribute recognition [18], while graph-
based techniques offer scalability in knowledge
representation [19], [20]. By applying reasoning
engines, companies infer missing product
attributes, enabling more effective analytics [21].
Explainability tools, now widely integrated into Al
models, help reduce black-box risks in critical
decision systems [23].

can

III. EXPERIMENTAL RESULTS: EVALUATION
OF AI TECHNIQUES IN PRODUCT
INTELLIGENCE

To validate the efficacy of Al models in product
intelligence tasks—such as attribute extraction,
product categorization, and semantic matching—
numerous benchmark datasets and evaluation metrics
have been employed in recent studies. These
experiments have used real-world datasets from e-
commerce platforms (e.g., Amazon, Alibaba,
Rakuten) and academic corpora (e.g., WDC Product
Corpus).

2001
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3.1. Benchmark Datasets

BERT | Amazo | 0.92 09 |09 | Best
Fine- | n 1 overall
Tuned performa
[28] nce
Rule- | Amazo | 0.74 0.6 | 0.7 | Lower
based | n 9 1 generaliz
[24] ation
CNN | AliExp | 0.88 0.8 | 0.8 | Competi
+ ress 4 6 tive in
LST multi-

M modal
[25] tasks

Table: Performance Comparison of Al Models for
Attribute Extraction

Dataset | Sourc | Descripti | Size | Usage
e on
Amazo | Amazo | Product ~142 | Attribute
n n Inc. titles, M extractio
Produc descripti | recor | n,
t Data ons, ds classifica
reviews tion [24]
WDC Web Cross- ~28 | Product
Produc | Data marketpl | M matching
t Comm | ace offer |,
Corpus | ons product ] deduplic
offers ation [25]
AliExp | Alibab | Product ~6M | Taxonom
ress a listings item |y
Dataset and ] learning,
specificat entity
ions resolutio
n [26]

3.2. Performance Metrics

3.4. Graph: Precision and F1 Comparison

Precision and F1 Score by Model

BERT

CNN+HLSTM

BILSTM-CRF

Rule-based

as%

w0
Scare (%)

Figure: Model Precision and F1 Scores on Amazon

Dataset

Note: ASCII used for conceptual illustration; formal
charts will be provided in documentation with
matplotlib/seaborn when added to DOCX.

Metric Definition

Precision Correct positive predictions
/ Total positive predictions

Recall Correct positive predictions
/ Total actual positives

F1 Score Harmonic mean of
precision and recall

Accuracy Correct predictions / Total
predictions

AUC-ROC Area under the Receiver
Operating  Characteristic
curve

3.3. Comparative Results Table
Mode | Datase | Preci | Rec | F1 | Notes
1 t sion all Sco
re

BiLS | Amazo | 0.89 0.8 | 0.8 | Strong in

TM- n 5 7 structure

CRF d text

[27]
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3.5. Product Matching Results

Model Accurac | Precisio | Recal | AU
y n 1 C

Siames | 0.88 0.85 0.84 0.91
e LSTM
[29]
GNN 0.91 0.89 0.87 0.94
Match
[30]
BERT 0.93 0.91 0.9 0.96
Dual
Encode
r [28]

2002
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These results indicate that BERT-based and GNN
architectures outperform traditional LSTM-based
approaches in matching tasks, especially when using
multi-field inputs (title, description, price, etc.) [28],
[30].

3.6. Impact of Knowledge Graphs

100Moclel Performance With vs Without Knowledge Graph

91%

80 -

60 4

Performance (%)

20 4

Without KG Wwith KG

Figure: Accuracy Improvement with Knowledge
Graph Integration

Integration of ontologies and knowledge graphs led to
a performance increase of up to 8% in attribute
completion and semantic search tasks [31].

3.7. Ablation Studies

An ablation study conducted by Liu et al. (2022)
revealed that:

e Removing ontology linkages decreased F1
score by 6%

e  Omitting visual data in multi-modal models
dropped accuracy by 9%

e Lack of graph structure learning reduced
semantic inference quality by 11% [32]

Discussion of Results

The experimental evidence strongly supports the
integration of transformer-based architectures like
BERT and graph-based models such as GNNs in
product intelligence tasks. These models not only
outperform traditional ML and rule-based systems but
also demonstrate higher adaptability across different
domains and datasets [27], [28], [30].

IJIRT 182314

However, some trade-offs are evident:

e Transformers require extensive
computational resources and fine-tuning.

e  Graph models, while interpretable, often
depend on the availability of high-quality
ontologies or product taxonomies [31], [32].

These results underscore the need for hybrid models
that combine the linguistic understanding of NLP
transformers, the relational power of GNNs, and the
domain-specific expertise of structured knowledge
bases.

IV. FUTURE RESEARCH DIRECTIONS

Research in Al-powered product intelligence is
evolving quickly. However, despite strong progress,
several important research gaps still exist and deserve
focused exploration in the years ahead.

4.1. Cross-Domain Generalization

A central challenge is enabling models trained in one
domain (e.g., fashion) to generalize across domains
(e.g., electronics or healthcare). Current models
frequently need retraining using domain-specific
datasets, which makes them both expensive and
inefficient [33]. Future research should investigate
domain-adaptive learning and meta-learning methods
to improve model transferability.

4.2. Multi-modal Representation Learning

While progress has been made in combining text and
image data, integrating additional modalities—such as
audio (for voice-enabled systems), temporal data (e.g.,
sales trends), and 3D product models—remains
underdeveloped.  Research  into  multimodal
transformers and attention fusion mechanisms will be
key to unlocking comprehensive  product
representations [34].

4.3. Explainability and User Trust

Black-box models, especially deep neural networks,
are notoriously difficult to interpret. This lack of
transparency impedes adoption in regulated industries
like healthcare or finance. Future models should
feature built-in explainability or integrate post-hoc
techniques like SHAP and LIME to support effective
operation in real-time application settings [35].
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4.4. Low-Resource and Noisy Environments

E-commerce platforms with limited labeled data or
noisy, multilingual input (e.g., emerging markets)
need lightweight models that can learn effectively
under constraints. Techniques like weak supervision,
self-training, and federated learning have the potential
to make Al-driven product intelligence more widely
accessible on a global scale [36].

4.5. Real-Time and Edge Intelligence

As product analytics increasingly moves toward real-
time personalization and mobile platforms, there is a
growing demand for edge-compatible Al systems.
Streamlined transformer architectures, combined with
hardware-efficient inference optimizations, could
enable real-time extraction of product attributes and
greatly improve the speed and precision of decision-
making workflows [37].

4.6. Ethical AI and Sustainability

Lastly, ethical concerns—including algorithmic bias,
carbon footprints of Al models, and product
misinformation—must  be  addressed through
transparent, inclusive, and sustainable Al practices.
Future work should emphasize fairness-aware training
and lifecycle-aware product intelligence systems [38].

V. CONCLUSION

Al-powered product intelligence is changing how
companies organize, understand, and make use of
product-related data. This review explored the
development of key techniques and systems that shape
the field—from initial rule-based models to advanced
deep learning methods involving GNNs, transformers,
and knowledge graphs. We proposed a modular
theoretical framework that integrates attribute
extraction, semantic representation, and the generation
of actionable insights.

Our experimental analysis demonstrated that BERT
and GNN models outperformed traditional baselines,
especially in tasks such as attribute extraction and
product matching. Nonetheless, key obstacles persist,
including heterogeneous data formats, domain-
specific constraints, limited interpretability of Al
models, and ongoing sustainability challenges.
Addressing these issues will require the convergence
of methodologies from various Al disciplines,
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reinforced by interdisciplinary cooperation and strong
ethical oversight.

In conclusion, the future of Al-powered product
intelligence lies in creating adaptive, explainable, and
resource-efficient models that can effectively integrate
multimodal inputs and generate real-time insights.
These advancements will not only boost operational
efficiency but also contribute to the development of
more intelligent, user-centric product ecosystems.
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