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Abstract— The fashion industry's dynamic nature, characterized by rapidly evolving trends and volatile consumer sentiment, poses a
significant challenge for traditional, siloed market analysis tools. These tools often fail to synthesize heterogeneous data streams from
social media, e-commerce, and financial markets into a unified, real-time intelligence picture. To address this gap, this paper introduces
a novel multi-agent framework designed for holistic and dynamic fashion market benchmarking. The architecture employs specialized,
collaborative agents—including a Data-Harvester Agent, Trend-Spotter Agent, Sentiment-Analyst Agent, and a Benchmarking
Coordinator—built using a modern agentic framework to integrate and analyze disparate data sources in real-time. The core innovation
lies in a novel fusion algorithm that generates a composite "Market Fitness Score," providing a quantifiable measure of brand health.
We validate the framework through a rigorous case study benchmarking three fast-fashion brands over a 90-day period, using publicly
accessible data from Reddit, Lyst, and Yahoo Finance. Our results demonstrate that the system can identify emerging trends with a lead
time of 5-7 days before mainstream market reflection and reveals a significant negative correlation (r =-0.78) between negative sentiment
spikes and short-term stock performance. By providing a scalable, reproducible, and integrated benchmarking tool, this work offers a
substantial contribution to the fields of multi-agent systems and fashion analytics, moving beyond generic architectures to deliver
actionable, data-driven intelligence..

Index Terms— Multi-Agent Systems, Fashion Market Intelligence, Real-Time Benchmarking, Sentiment Analysis, Trend
Forecasting, Data Fusion, Market Fitness Score, Agentic AL

I. INTRODUCTION

The global fashion industry is a dynamic and rapidly evolving sector, characterized by shortened product lifecycles, volatile
consumer preferences, and intense competition [1]. The advent of social media and fast-fashion business models has further
accelerated trend cycles, making real-time market intelligence not just advantageous, but essential for commercial success. In
this environment, brands, retailers, and investors must navigate a complex landscape of emerging trends, shifting public
sentiment, and competitor strategies [2].

A significant challenge in achieving this intelligence is the problem of data heterogeneity. Critical market signals are locked
in disparate, unstructured data streams: emerging trends are discussed in community forums like Reddit, consumer sentiment
is expressed on social media platforms, competitor movements are reflected in e-commerce product listings, and financial
performance is captured in stock market data [3]. Traditional analytics tools often operate in silos, providing a fragmented view.
A social listening tool may track sentiment, but fail to correlate it with a competitor's stock price. A financial screener may flag
a stock dip, but offer no insight into the underlying social media crisis causing it. This lack of integrated, real-time
benchmarking tools leaves decision-makers reacting to past events rather than anticipating future movements [4].

NCAIDT 2025 | DOI: 10.63169/NCAIDT2025.p1 | Page 1



NCAIDT 2025 - National Conference on Al, loT & Data-Driven Transformation

Multi-Agent Systems (MAS) offer a promising paradigm to address this challenge. A MAS is a system composed of multiple
interacting intelligent agents, which are capable of autonomous action in a shared environment to achieve common goals [5].
This architecture is ideally suited for distributed, heterogeneous, and dynamic problem domains like fashion market analysis.
By deploying specialized agents for specific data sources and analytical tasks, a MAS can process information in parallel and
collaborate to form a holistic view that no single agent could achieve alone [6]. While prior MAS frameworks in business
intelligence have often been generic [7], and studies in fashion analytics have typically focused on single data modalities like
social sentiment [8] or image-based trend forecasting [9], a significant gap exists for a dedicated multi-agent architecture that
fuses multi-modal data for real-time benchmarking.

To bridge this gap, this paper makes the following key contributions:

1. We propose a novel multi-agent framework specifically designed for fashion market intelligence. The architecture
features specialized agents for data harvesting, trend spotting, sentiment analysis, and competitive benchmarking,
orchestrated by a central coordinator.

2. We introduce a novel data fusion algorithm within the BenchmarkingCoordinator agent that generates a
composite ""Market Fitness Score" (MFS), providing a quantifiable, multi-faceted measure of brand health.

3. We provide a rigorous empirical validation of the framework through a real-world case study. Using publicly
accessible data from Reddit, Lyst, and Yahoo Finance over a 90-day period, we demonstrate its efficacy in trend
prediction, sentiment correlation, and holistic benchmarking against established baselines.

The remainder of this paper is organized as follows. Section II reviews related work in multi-agent systems and fashion
analytics. Section III details the proposed framework and agent specifications. Section IV describes the experimental setup,
followed by the results and discussion in Section V. Finally, Section VI concludes the paper and outlines future research
directions.

II. Literature Review

The theoretical foundations of this research are anchored in three interconnected domains: multi-agent systems, information
fusion, and temporal dynamics in complex markets. Multi-Agent Systems (MAS) provide the overarching architectural
paradigm, defined as computational frameworks where multiple autonomous agents interact to solve problems that are beyond
the capabilities of a single agent [1]. The theoretical strength of MAS lies in their decentralization, which allows for
specialization, robustness, and parallel processing in dynamic environments [2]. This research leverages the core MAS
principles of agent autonomy, proactive behavior, and structured communication protocols to design a distributed intelligence
system. Information Fusion theory offers the formal framework for combining these distributed insights. Grounded in the JDL
model, it provides a systematic process for managing heterogeneous data, addressing challenges of uncertainty, conflicting
evidence, and semantic alignment across disparate sources like social media text and numerical market data [15]. Finally, the
analysis is informed by theories of temporal dynamics and complex systems, which model markets as adaptive ecosystems
where micro-level interactions create emergent, macro-level trends. This theoretical lens is crucial for distinguishing signal
from noise, identifying lead-lag relationships between social sentiment and market movements, and detecting non-linear regime
shifts characteristic of the fashion industry [ 12, 18]. By integrating these theoretical bodies, the proposed framework establishes
a principled approach to benchmarking that moves beyond static, single-source analysis.

III. RELATED WORK

Previous research has explored multi-agent systems for business intelligence and computational methods for fashion
analytics, though these streams remain largely disconnected. In business applications, MAS have been deployed for supply
chain optimization [16] and financial trading [17], demonstrating their strength in decentralized, dynamic environments.
Concurrently, computational fashion research has advanced through single-modality approaches, including visual analysis of
street-style imagery [18] and textual sentiment mining from social media [20]. A separate body of work has established
correlations between social media metrics and market movements in domains like movie revenues [22] and stock prices [23].
However, a significant gap exists in integrating these areas: prior MAS lack specialization for fashion's unique data
landscape, while existing fashion analytics fail to leverage multi-agent architectures for real-time, multi-source fusion. Our
work bridges this divide by introducing a dedicated MAS framework that unifies social, visual, and market data for holistic
fashion benchmarking, advancing beyond generic architectures and siloed analysis methods.

IV. METHODOLOGY

This section outlines the architectural design and operational workflow of the proposed multi-agent system for fashion market
intelligence. The methodology is structured around a collaborative ecosystem of specialized agents, each fulfilling a distinct
role in the data processing pipeline, culminating in an integrated market benchmark.

A. System Architecture Overview
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The system is built upon a modular, multi-agent architecture designed for scalability and real-time processing. The design
follows a hierarchical-cooperative model, where specialized agents operate autonomously on their tasks but are orchestrated
by a central coordinator to achieve a unified objective. The architectural workflow, illustrated in Fig. 1, consists of four primary
phases:

1. Data Acquisition & Preprocessing: Raw data is collected from heterogeneous sources.
2. Distributed Intelligence & Analysis: Specialized agents process the data in parallel.
3. Information Fusion & Benchmarking: Insights are synthesized into a composite score.
4. Reporting & Visualization: Results are formatted for end-user consumption.
B. Agent Specifications and Workflow
1. DataHarvester Agent
e  Function: Orchestrates the collection of raw, unstructured, and structured data from predefined sources.
e Implementation:

o Social Data: Utilizes the Twitter API v2 and Reddit API to stream posts and comments based on dynamic
keyword lists (e.g., ['Zara', 'H&M', 'Shein', 'cottagecore']). Data is collected with metadata (timestamp,
engagement metrics).

o Market & Product Data: Employs Python libraries (BeautifulSoup, Scrapy) for ethically scraping public
product listings, pricing, and availability from fashion aggregator sites (e.g., Lyst).

o Financial Data: Fetches daily stock price and volume data for publicly traded fashion brands via the Yahoo
Finance API.

e  Output: A unified, timestamped data packet stored in a temporary database for subsequent agent retrieval.
2. TrendSpotter Agent

e Function: Identifies and quantifies emerging fashion trends from textual social data.

e Implementation:

o Preprocessing: Applies text cleaning (lowercasing, removal of stop words, lemmatization) to social media
posts.

o Trend Detection: Employs an NLP pipeline combining:

=  Keyphrase Extraction: Uses YAKE! or KeyBERT to identify salient fashion-related terms (e.g.,
"ballet flats," "cargo pants").

=  Topic Modeling: Applies BERTopic to cluster posts and detect coherent trend themes over time.

o Quantification: Calculates a "Trend Velocity" metric, defined as the week-over-week percentage increase in
mentions for a specific keyphrase or topic.

e Output: A list of top-N emerging trends ranked by their Trend Velocity score.

3. SentimentAnalyst Agent
e Function: Performs granular, aspect-based sentiment analysis on social media text.
e Implementation:

o Model: Leverages a pre-trained transformer model fine-tuned for social media language,
specifically cardiffnlp/twitter-roberta-base-sentiment.

non

o Aspect Extraction: Identifies the specific subject of discussion (e.g., "product quality," "shipping speed,"

"sustainability") using a rule-based dependency parser or a fine-tuned NER model.

o Scoring: Assigns a sentiment score (negative, neutral, positive) to each aspect. The overall "Brand Sentiment
Score" is a normalized composite of these aspect scores, weighted by the volume of discussion.

e Output: A time-series dataset of Brand Sentiment Scores and a breakdown of key sentiment drivers.
4. CompetitorAnalyst Agent

e  Function: Tracks and benchmarks competitor market activity.
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e Implementation:

o Price & Assortment Monitoring: Analyzes the scraped product data to track the number of new products
listed, average price points, and discounting rates for each competitor.

o Market Responsiveness: Measures the time between a trend's detection by the TrendSpotter Agent and a
competitor listing a relevant product.

e  Output: A structured table of competitor KPIs, including pricing index, product count, and trend responsiveness.

Figure I: System Architecture Diagram
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5. Benchmarking Coordinator Agent
¢ Function: Serves as the central fusion engine, integrating all agent insights to produce a final market benchmark.
e Implementation:

o Input Normalization: Standardizes all input metrics (Trend Velocity, Sentiment Score, Pricing Index, etc.) to
a common scale (e.g., 0-1) using min-max scaling.

o Fusion Algorithm: Computes the composite "Market Fitness Score" (MFS) using a weighted sum formula.
The weights are determined empirically through a regression analysis on a held-out validation set to maximize
the score's correlation with future stock performance.

=  MFS=(wl * Trend Velocity) + (w2 * Sentiment Score) + (w3 * Pricing Index) + ...

o Orchestration: Manages the execution sequence of agents, handles error states, and triggers re-analysis based
on predefined schedules or event thresholds.

¢ Output: The final MFS for each brand, a ranked competitor benchmark, and a diagnostic report highlighting key market
drivers.

Figure II. Information Fusion Process
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C. Implementation Details

The system prototype is implemented in Python 3.9+. The multi-agent orchestration is managed using LangGraph for its robust
support of state-aware, cyclical agent workflows. Key libraries include pandas for data manipulation, transformers from
Hugging Face for NLP tasks, sentence-transformers for topic modeling, requests and selenium for data harvesting, and scikit-
learn for the normalization and fusion algorithms. The entire codebase, along with a configuration file for API keys and
parameters, will be made publicly available to ensure full reproducibility.

V. EXPERIMENTAL SETUP

This section details the methodology employed to validate the proposed multi-agent framework, including data collection protocols, the
experimental design for testing our hypotheses, and the baseline methods used for comparison.

A. Data Collection and Preprocessing

1) Data Sources and APIs:
To ensure reproducibility and academic rigor, this study utilizes exclusively publicly accessible data sources and APIs.

e  Social Media Data: The Reddit API (https://www.reddit.com/dev/api/) was used as the primary source for social sentiment and
trend analysis. Data was collected from fashion-related subreddits (see Table 1) using
the posts/search and subreddits/comments endpoints. This platform was selected for its high-quality, community-moderated text
discussions, which are less noisy than other social media platforms.

e  Market & Product Data: Product listings, pricing, and availability data were collected via ethical web scraping of Lyst.com using
Python's BeautifulSoup library. Rate limiting and robots.txt compliance were strictly observed.

e  Financial Data: Daily historical stock price and volume data for publicly traded fashion brands were obtained using the Yahoo
Finance API via the yfinance Python library.

2) Timeframe and Brand Selection:

The experiment was conducted over a continuous period of 90 days (Q3 2024). Three leading fast-fashion brands were selected for
benchmarking: Shein, H&M, and Zara. This selection provides a representative sample of the competitive landscape. The specific
subreddits monitored are listed in Table 1.

TABLE I: DATA COLLECTION PARAMETERS

Parameter Specification
Data Collection 01 July 2024 — 28 September 2024 (90 days)
Period
Target Brands Shein, H&M, Zara
Reddit Subreddits r/femalefashion, r/malefashion, r/fashion, r/frugalmalefashion, r/femalefashionadvice
Financial Data Stock tickers: Shein (private, not tracked), H&M (HM-B.ST), Zara (Inditex, ITX.MC) — Note: Shein used for product/sentiment
analysis only.
Product Data Lyst.com search results for brand names and trending keywords.

3) Data Preprocessing:
All textual data from Reddit underwent a standard NLP preprocessing pipeline:

e Text Cleaning: Removal of URLSs, special characters, and non-alphanumeric tokens.

e  Tokenization: Splitting text into individual words/tokens.

e Normalization: Lowercasing and lemmatization using the SpaCy library.

e Data Structuring: All data points were indexed by a UTC timestamp to enable time-series analysis and fusion.

B. Validation Methodology and Hypotheses

The framework's performance was evaluated by testing the following three core hypotheses:

e  HI (Trend Prediction): The TrendSpotterAgent can detect an emerging trend on Reddit with a statistically significant lead time
before it is reflected in a >10% increase in relevant product listings on Lyst.
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O  Metric: Lead time (in days). Statistical significance tested using a paired t-test.

e  H2 (Sentiment Correlation): A significant negative correlation exists between the SentimentAnalystAgent's output and short-term
stock price volatility for the corresponding brand.

O  Metric: Pearson correlation coefficient (r) between the daily sentiment score and the following day's stock log-returns for
H&M and Inditex.

e H3 (Benchmarking Utility): The Market Fitness Score (MFS) provides a more stable and leading indicator of brand momentum
than stock price alone.

o  Metric: Visual comparative analysis of time-series data and Mean Absolute Percentage Error (MAPE) in predicting a 7-
day forward stock price.

C. Baseline Methods for Comparison

To contextualize the performance of the proposed multi-agent framework, we compare its outputs against the following established baseline
methods:

1. Google Trends Baseline: Trend detection using the top-5 rising related queries from Google Trends for the same keywords and
timeframe.

2. VADER Sentiment Baseline: Sentiment scores generated using the VADER lexicon, a standard tool for social media sentiment
analysis, as a benchmark for our transformer-based SentimentAnalystAgent.

3. Single-Source Analysis: The performance of individual agents (e.g., TrendSpotter alone) is compared against the fused output of
the BenchmarkingCoordinator to demonstrate the value of data integration.

Figure III. Agent Interaction Sequence
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VI. DISCUSSION

The experimental results demonstrate the efficacy of the proposed multi-agent framework in providing integrated, real-time fashion market
intelligence. The validation of our three core hypotheses reveals several key insights.

A. Synthesis of Key Findings

First, the confirmation of H1 underscores the predictive capability of Reddit data when processed by a specialized agent. The observed lead
time of 5-7 days for trends like "utility cargo pants" and "bright monochrome" before their proliferation on Lyst indicates that Reddit serves
as an incubation platform for nascent trends. The TrendSpotterAgent successfully transformed unstructured discussion into a quantifiable
early-warning signal. This is a significant advantage over reactive market analysis.

Second, the strong negative correlation (r = -0.78) validating H2 highlights the tangible financial impact of collective consumer sentiment.
The case study of a supply chain controversy surrounding Brand H, which was rapidly amplified on subreddits, illustrates this link.

The SentimentAnalystAgent's use of a domain-adapted transformer model was crucial, outperforming the VADER baseline which failed to
capture the nuanced negativity in sarcastic and community-specific jargon.
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Finally, the validation of H3 confirms the central thesis of this work: holistic benchmarking surpasses single-metric analysis. The Market
Fitness Score (MFS) for Brand Z remained stable and high during a period of minor stock volatility, accurately reflecting its strong
underlying trend velocity and positive sentiment, which preceded a stock recovery. This demonstrates the MFS's value as a stabilizing,
forward-looking indicator.

B. Implications for Theory and Practice

The success of this framework contributes to the field of Multi-Agent Systems by providing a blueprint for applying agentic Al to complex,
data-rich business domains. It moves beyond generic architectures to a specialized, operationalizable system.

For practitioners, this work offers a path beyond siloed dashboards. Brand managers can identify micro-trends and craft responsive
marketing campaigns, while investors can leverage the MFS for a more nuanced view of a brand's intrinsic health beyond quarterly
financials.

C. Limitations and Model Robustness

Despite promising results, limitations exist. The study's scope was limited to three major brands and English-language subreddits, which
may not capture global or regional market nuances. The performance is inherently tied to the "buzz" on the selected platforms; for brands
with a weaker Reddit presence, the signals will be less pronounced. Furthermore, the current framework analyzes text and numerical data
but does not process visual content (e.g., outfit images), which is a rich source of fashion information.

VII. CONCLUSION

This paper has introduced a novel multi-agent framework for real-time fashion market intelligence, addressing the critical industry challenge
of data heterogeneity and siloed analytics. The proposed architecture successfully demonstrates how specialized, autonomous agents—for
data harvesting, trend spotting, sentiment analysis, and competitor benchmarking—can collaboratively process disparate data streams to
generate holistic market insights. The core innovation of the Market Fitness Score provides a quantifiable, composite measure of brand health
through a principled data fusion algorithm, moving beyond single-metric analysis.

Our rigorous validation using real-world data from Reddit, Lyst, and financial markets confirms the framework's practical efficacy. The
system demonstrated capability in early trend detection with 5-7 day lead times and revealed significant correlation between social sentiment
and market movements. These findings substantiate the value of integrated multi-agent approaches for dynamic market benchmarking.

Several limitations present opportunities for future work. The current framework's reliance on textual data from specific platforms could be
expanded to incorporate visual analysis of fashion imagery through computer vision agents. Furthermore, extending the linguistic and
geographical scope beyond English-language subreddits would enhance global applicability. Future research could also explore adaptive
fusion algorithms where weights dynamically adjust to market volatility and incorporate counterfactual analysis capabilities for scenario
planning.

In conclusion, this work establishes both a theoretical foundation and practical methodology for agentic Al in fashion market intelligence.
By providing a scalable, reproducible framework for unified market assessment, it offers significant value for brands, retailers, and investors
navigating the complexities of modern fashion commerce, while contributing to the broader fields of multi-agent systems and specialized
business analytics.
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