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INTERACTIVE ANALYTICS OF MARKET SENTIMENT 

USING LLM-LABELED DATA

ABSTRACT

We developed an interactive system that 

tracks financial sentiment across news and 

Reddit discussions, linking sentiment scores 

to specific tickers and sectors. By combining 

LLM-based labeling with neural network 

classification and cloud-native architecture, 

our system captures rapid shifts in market 

mood that conventional dashboards often 

miss.

MOTIVATION & OBJECTIVES

Method - Key Technical Innovations:

•LLM-Assisted Labeling 

– Automated sentiment labeling via 

Google Gemini

– Consistent, high-quality labels without 

manual annotation

– Structured prompt template for 

classification

•Finance-Aware Text Processing 

– Preserves ticker symbols ($TSLA, 

AAPL formats)

– Retains financial indicators (%, $, 

emojis)

– Pattern matching for ticker extraction

•Neural Network Classifier 

– Learns financial-specific language 

patterns

– Fast inference for real-time streams

– Balances accuracy with computational 

efficiency

•Multi-Level Aggregation 

– Daily sentiment averages

– 90-day rolling statistics

– Sector-level summaries by industry

INTERACTIVE DASHBOARD FEATURES

User Controls:

•Toggle between Reddit-only vs. merged 

news+Reddit data

•Select ticker-level or sector-level analysis

•Customize date ranges and sentiment 

types

Visualization Components:

•1. Sentiment Time-Series Panel

•Daily sentiment scores 

(positive/neutral/negative)

•90-day rolling statistics for trend detection

•Optional stock price overlay for correlation 

analysis

•Multi-ticker comparison capability

•2. Industry Heatmap Panel

•Sector-wide sentiment aggregation

•Diverging color scale for intensity 

visualization

•Temporal patterns across industries

•Quick identification of market-driving 

sectors

Visualization results

KEY FINDINGS 

CONCLUSIONS & FUTURE WORK

REFERENCES

✓ LLM labeling + lightweight neural 

network = efficient, accurate sentiment 

classification

✓ System generalizes from formal news 

to informal social media language

✓ Multi-level visualization reveals 

sentiment patterns invisible in static 

reports

✓ Cloud-native architecture enables 

scalable, near real-time processing

✓ Combined news+Reddit sentiment 

provides richer market narrative

Achievements:

•Demonstrated effective hybrid approach 

combining LLM labeling with neural 

classification

•Created interpretable system for tracking 

ticker and sector sentiment

•Validated alignment between sentiment 

shifts and real-world market narratives

Future Enhancements:

•Live streaming: Implement continuous 

real-time Reddit ingestion

•Model upgrades: Integrate transformer-

based models for nuance detection

•Expanded coverage: Include additional 

subreddits and data sources

•Predictive analytics: Explore sentiment-

price relationships with live market feeds

The Challenge:

•Traditional sentiment tools focus only on 

structured financial news

•Fast-moving online communities (Reddit's 

r/stocks, r/wallstreetbets) drive market 

narratives

•Need for unified system capturing both 

formal and informal sentiment

Our Goal: Create a practical, dynamic tool 

that:

•Detects ticker and sector mentions in 

financial text

•Assigns accurate sentiment scores across 

diverse sources

•Visualizes aggregate sentiment trends 

interactively

•Helps analysts identify market mood shifts 

early

SYSTEM ARCHITECTURE

•Two-Phase Pipeline:

•Phase 1: Model Training

•Financial news headlines labeled via 

Google Gemini

•High-quality training dataset generated 

automatically

•Feed-forward neural network trained on 

labeled data

•Efficient alternative to computationally 

expensive transformers

•Phase 2: Deployment & Visualization

•Real-time Reddit data ingestion via PRAW 

API

•Sentiment prediction using trained model

•PostgreSQL database for storage and 

aggregation

•Interactive Dash/Plotly dashboard for 

exploration

•Cloud Infrastructure:

•End-to-end Google Cloud Platform 

deployment

•Scalable, near real-time processing

•SQLAlchemy for efficient data queries

Method: Data Sources

•Training Data: 200,000+ financial news 

headlines (Webz.io)

•Deployment Data: Reddit posts from 

r/stocks, r/investing, r/wallstreetbets

Figure 1. Data snapshot

RESULTS & EVALUATION

Classifier Performance:

•Stable training/validation loss convergence 

(80/20 split)

•Successful generalization to informal Reddit 

text

•Strong alignment with human judgment on 

sampled predictions

•Challenges: Sarcasm and highly context-

dependent posts

Pipeline Validation:

•Consistent ticker extraction across format 

variations

•Accurate sentiment predictions written to 

database

•Verified aggregations (daily averages, 

rolling stats, sector summaries)

Dashboard Accuracy:

•Visualization outputs match direct SQL 

query results

•Clear display of daily sentiment shifts

•Effective highlighting of long-term patterns 

via rolling statistics

•Successful identification of sector-level 

market movements Figure 4. Sentiment Overview by Industry heat map

Figure 3. Time Series Sentiment visualization

RESULTS & EVALUATION

Overall Accuracy: 84% with balanced 

performance across classes (Fig. 2)

•Positive: Precision 0.87, Recall 0.86, F1 

0.87

•Neutral: Precision 0.83, Recall 0.82, F1 

0.83

•Negative: Precision 0.82, Recall 0.84, F1 

0.83

•Macro-averaged F1-score: 0.85 across 

39,901 test samples

Most misclassifications occur between 

adjacent sentiment categories, reflecting the 

nuanced nature of financial language. The 

model successfully generalizes to informal 

Reddit text while maintaining high accuracy 

on formal news data.

Figure 2. Confusion Matrix of Classification Performance

DASHBOARD VISUALIZATION

•Time-Series Panel: Track sentiment 

evolution for multiple tickers with daily or 

90-day rolling averages (scale: -100 to 

+100). Example shows divergent trends 

across five selected stocks (Figure 3). 

•Industry Heatmap: Compare daily 

sentiment across 11 sectors using color 

intensity (blue = positive, red = negative, 

white = neutral). Quickly identify market-

driving industries and temporal patterns. 

(Figure 4)

•User Controls: Toggle data sources, 

select ticker/sector granularity, filter date 

ranges, and choose multiple tickers or 

industries for comparison.
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