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Introduction & Motivation

Forbes

Information Overload: Unraveling The Paradox Of
Investment Knowledge

By Jobn feoningd. Comibutce, O John Jennings Oovers ifmadt et & s | w

*  Problems faced by investors

Information Overload: Difficult to distinguish valuable signals from noise in the flood of
financial news.

INFORMATION
OVERLOAD

l Time Limitation: Individual investors lack sufficient time to track and analyze news in

real time.

LACK
OF TIME

Lack of Expertise: Most investors do not have the expertise to interpret causal
relationships between news and stock price movements.

LACK OF
EXPERTISE



Introduction & Motivation

Limitations of Existing Solutions

o Technical Analysis Tools (e.g., TradingView):

Cannot interpret or analyze news content.

o Robo-Advisors (e.g., Fint):

Cannot proactively respond to real-time market events.

o Al Asset Management Firms (e.g., QRAFT):

Operate as black boxes, providing little to no transparency in decision-making.

o Conclusion

There is no platform that transforms real-time financial news into transparent, evidence-based insights.

Our project aims to fill this gap by converting real-time news into actionable

insights that empower individual investors.

Category (Function) Technical Anglysi§ Tools Robo-Ad\_lisors Al Asset Management Firms FianO\_N
(e.g., TradingView) (e.g., Fint) (e.g., QRAFT) (Our Project)
Real-time charts/indicators o X X o
Automated asset allocation A (limited) o o o
Real-time news analysis X X A (indirect/limited) o
Transparent rationale for insights X X X o




Project Objective

« Main Goal

o Turning real-time financial news into transparent, actionable insights.

e Three Core Features

o Real-Time Data Integration
Continuously collect and align financial news with market/FX data
 LLM-Based Insights
- Go beyond sentiment and keywords; summarize news context with LLMs
- Deliver transparent BUY / SELL / HOLD signals
> Interactive Dashboard
- Visualize complex news—asset relationships in a user-friendly dashboard

- [Scalability] Expand to crypto, FX, and other asset classes



Related Work & Technical Background

« Latest Research on LLMs in Finance

- Recent studies* (e.g., MDPI, 2024) show that LLMs are moving beyond simple text analysis
toward applications in investment decision-making.

o LLMs can capture subtle financial contexts, perform sentiment analysis, and generate signals
useful for trading decisions.

*  Our Approach

o Based on this research trend, our project leverages the latest sentiment analysis and
summarization techniques to guide users with clear investment advice (BUY / SELL / HOLD).

> We aim to apply academically validated methods to a real-time data pipeline and deliver
practical, user-focused insights.

Recent studies™*:

WWW’24 (ACM): LLMs turn news into explainable stock predictions (SEP).

WWW’24 (ACM): Explainable earnings forecasting via financial news (FinReport).

NeurlPS’24: Causal discovery reduces noise in news-driven multi-stock prediction (CausalStock).



Data Source

* Finance News
o Google News API (Global)

o Bloomberg/Reuters RSS (Real-time financial articles)

 Market Price Data

o Yahoo Finance API (Stocks/Indices/Exchange Rates/Cryptocurrencies)

o Alpha Vantage (Free, minute-by-minute quotes)

D sernries S e S - =

ALPHA VANTAGE

Google News API

© Stock APls in JSON, Excel & Google Sheets
© Forex and cryplocurrency data feods
© 50+ technical Incicators
N g o © Global covernge

et
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<Google News API> <Alpha Vantage>



System Architecture

Elasticsearch
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Text Summarization Stock Chart

Data Sources

Data Preprocessing & Analysis



Implementation - Data Collection

 Kafka Producer

> News Crawler

° Google News API, Bloomberg/Reuters RSS — Extracts HTML content & Convert into JSON schema
> Market Data Collector

° Yahoo Finance / Alpha Vantage APl — Real-time stock price and volume collection
o Kafka Producer Characteristics

> Asynchronous batch sending for higher throughput

o Dual-write: Kafka + MinlO to ensure durability and reproducibility

° Forward collected data to Kafka Producer — Publish to topic_news and topic_market

- Kafka Broker
o Multi-Stage Topic Pipeline
° topic_news_raw — Raw crawled articles (JSON)
o topic_news_preprocessed — Cleaned text, language detection, parsed content
° topic_news_domain_classified — LLM-based domain classification (Tech, Energy, etc.)

° topic_news_enriched — Sentiment score, importance, event type, ticker mapping

o topic_market — Real-time stock price and volume data



Implementation - Data Collection

Kafka Visualization — Kafdrop
Data Collection Monitoring with Kafdrop
Allows real-time inspection of ingested news and market data

Provides transparency of the entire streaming pipeline from ingestion — processing — storage

Topic Messages: topic_news
CEEED 4974 8454 9 3560

Kafdrop Pv—

Kafka Cluster Overview
i Bootstrap servers
2= Total topics MK MM

@ Total partitions D) sass ampty 2025-12.07 07:35:23.344 (275 empty
of

® Total preferred partition leader “https://feeds.bbel . co.uk/news/business/rss.ml®,
: "Warm Welcome hubs an *important® helping hand®,
% Total under-replicated partitions *1ink": “https://ws.bbc.com/news articles/cpIsda7 jpouorat_medium-RSSSat campaign=rss”,
"published”: “Sat, 86 Dec 28025 87:34:43 GAT",
"summary”: “Dozens of venues are offering free drop-ins for anyone struggling with cost-of-living pressures.”,
“ingested at®: “2825-12-87T87:35:232"

Z Brokers N

* D O Host ¥ Controller € Number of partitions (% of total) & B3 8445 empty 2025-12-07 08:02-35:189 =250 empty
o{'nens_h‘l": " CCBBBCSCH S963f edabcBI34B87", “source”: “https://feeds.bbci.co.uk/news/business/rss.oml”, “title®:

€ 1001 kafka - Yes 57 (100%)

EZ3 2445 (23 empty 2025-12.07 06:05:19.724 (3 empty
Q{'nms_m": "B7F7364719c58dF 38007 202ea Th5 7 756Fe2e 540333 12a04,040786a32358d 20", “source”: “hittps://feeds.bbel.co.uk/news/business/res.ml”, "title":

£ Topics AACLs (e @

- 2447 [ ety 2025-12-07 08:17-40762 (2023 =mpty
N replicated =
ame SR G L Custom Config o{'nms_m':' 778 3ddaf¥82a2ecSh”, “source” : “hittps: //feeds. bbcl. co.uk/news/business/rss.oml”, " title®: "To

__consumer_offsets 100% o Yes

B3 sass ampty 2025-12.07 08:17:57 248 [ZI03 empty

© {"news_id": “TeehBANO19dSd4de3cOBCCOnef70C11c006b2IReSESOMB1FE27HTARGFUBC", “source”: “hitps://feeds bbci.co.uk/news/business /rss_ml®, “title":
topic_market 100% o No [ 4 o

e 100% - B3 9449 (2] vty 2025-12.07 083427 18 (22223 ety
- o{'neﬁs_id": “b7d965bce 3T E7374 20060802642 043482998 CaB37T 171 F4dBO9e8dbaB1c48”, “source”: “hittps://feeds.bbci.co.uk/news/business/rssoml®, “title”:

topic_news_domain_dassified 100% Mo
EZ3 2450 (23 empty 2025-12.07 08:33:15.456 (22T empty
© {"news_id": “bassefed ", “source": “WEtps://feeds.bbei.co.uk/news /business/res. oml®, “ritle":

topic_news_enriched 100% Ne

topic_news_llm_annotated 100% No EE3 8451 empty 2025-12-07 08:53:31.950 (=28 empty
o{'nens_in‘l": " 27cfad99233chcST9cd5ad2d7 344 IbABBSC 5007 76T eBlac33fd538F celldb”, “source”: “hittps://feeds.bbci.co.uk/news/business/rssoml®, “title”:

topic_news_preprocessed 100% Ne
28452 9 ey 2025-12-07 08:56:16.775 [y em
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100% No © {"mews_id": "82aS3024Bd1b2Ra6ce183071eeec TeSeael5Taf1a106005h8008027613F276e", “source”: “hitps://feeds.bbel. co.uk/news /business /res.xml”, "title":




Implementation - Data Collection

« Raw Data Storage - Minio

o Bucket Types
o Raw Bucket
o Processed Bucket
o Reference Bucket
o Candle Bucket

Object Browser Q  start typing to filter objects in the bucket

[¢]

E finflow-raw

Upload 11

Q. Filter Buckets

Buckets I I

finl 2 ~ Name Last Modified Size
fint € |l 20251207T085633.json Today, 17:56 5420B -
i ’ W 20251207T085616 json Today, 17:56 5270 B
fin [l 20251207T08533 1json Today, 17:53 509.0B
B 20251207T085315json Today, 17:53 45208
[l 20251207T083427json Today, 17:34 S5150B
B 20251207T081757json Today, 17:17 5120B
[l 20251207T081740.json Today, 17:17 513.0B
B 20251207T080519 json Today, 17:05 52008
|l 20251207T080235.json Today, 17:02 S5160B
B 20251207T073523 json Today, 16:35 43708
[l 20251207T072436.json Today, 16:24 5170B

10



Implementation - Database Management (Storage Strategy)

* Raw Data (Data Lake)

o Minio — Long-term storage of original news/price quotes
- Original news text (JSON)
- Original price log (CSV/JSON)

e Structured DB (RDBMS)

o PostgreSQL — Preprocessed news, quotes, and insights stored
- Preprocessed news (title, sentiment score, keywords, summary)
- Quote data (ticker, price, return, volume)

- Insight results (BUY/SELL/HOLD, description)

* Search/Analysis DB

o Elasticsearch — Quick keyword/stock-based search support

- News text + keyword index

* Data flow:

> Raw (Minio) — Preprocessing/Processed (PostgreSQL) — Search/Analytics (Elasticsearch)



Implementation — Candles(Price) Data Processing

- Candlestick Data: Ingestion, Aggregation, and Storage

1. Unified OHLCV Schema

- Maintain a single standardized OHLCV schema across all timeframes

symbol, ts, start_ts, end_ts, o, h, |, ¢, v with [start_ts, end_ts) bucket semantics.
- Timeframes: 1m, 5m, 15m, 30m, 1h, 1d, 1w, 1mo (optionally 1y)

stored in ES indices candles-{tf}-0001

/— Batch: Historical Loader 4\

2. Historical Backfill from Yahoo?/

finance

P Load the S&P 500 symbol list from MinlO
(refdata/sp500/latest.csv)

P For each symbol and timeframe:
- Download OHLCV from Yahoo Finance with per-TF lookback
limits
- Nomalize to the standard schema and assign bucket
boundaries using

- fixed intervals for intraday (1m—1h),

- calendar rules for 1d / 1w (Monday start) / 1mo / 1y

P Bulk idempotent upsert to Elasticsearch
(candles-{tf}-0001, id = symbol_epoch_second)

P A daily scheduler triggers this loader around
UTC 00:00 in “missing_only” mode to keep history
fresh with minimal load

- J

Candle data from very distant past

/— Stream: Candles Aggregator —\

3. Real-time 1m Aggregation from §g kafka

# Consume 1-minute OHLCV messages for each
symbol from Kafka topic fopic_market.

# For each message:

- Align timestamp to the minute floor (UTC).

- Use the NYSE trading calendar to detect regular session —
continuous regular-session candles

- Upsert the 1m candle into candl/es-1m-0001

P For higher TFs (5m~1mo):
- Re-aggregate from 1m data in ES:
- open = first 1m
- close = last 1m
- high = max
- low = min
- volume = sum.
- Special handling for 1w / 1mo buckets (ISO Monday start,
first day of month)

- J

Real-time candle data

Loop: Candles Reconciler

—

4. Reconciliation & Data Quality

)

P Periodically scan each symbol/TF for missing
buckets using ES date_histogram (“zero bucket”
detection)

# For missing ranges:

- Download the corresponding interval from yﬂ!'l"gg;'

(per TF interval).

- Map each record to the correct bucket start (align_starf) and
upsert only the empty buckets with writer = “reconciler yf'

Pk This loop fills gaps caused by downtime or
late messages while keeping existing candles
untouched.

- J

Missing data due to issues
(server maintenance, APl issues)

A

m» elasticsearch
v_

All pipelines converge to: Elasticsearch Indices (candles-{tf}-0001) 12




Implementation - News Sentiment & Scoring: Big Picture

News Sentiment & Equity Scoring Module
° Goal
°  Transform global news stream into real-time news scores (-1 ~ 1) for each S&P 500 stock.

o Store results in PostgreSQL so strategies and dashboards can directly query per-equity news signals.

* Pipeline (End-to-End News Scoring)

~ Hugging Face d’ ollama
l’ """""""" N l’ """""""" S
. 1 . 1
! Model: FinBert | 1 Service: Ollama 1
1 1
i ProsusAl/finbert | | Liama 3.1 |
: (HuggingFace) " : (Local Inference) :
N e e e e e e e e e e - N e e e e e e e e = - ’
%’domain—classifier‘ @ newsrsentiment @ news-1lm-annotator -* news-equity-scorer
(cnbo, mytimes..) | 1. Domain Classifier . 3. LLM Annotator 4. Equity Scorer
! ! Kafka Topic: 2. News Sentiment Kafka Topic: Kafka Topic: i
. LU P ; B Time Decay
HTML Cleamng domain_classified 1 1 news_enriched News Meta Extraction lim_annotated Weighti
Sector Classify SseneiEl =) Event/Tickers _ SOERIE e
Final Score Calculation
x X
! 1 Save Results
| I
| 1
1
Ref: Tickers : AMINIO Ref: Sector : @PUS@BSOL \ 4
Stratagy / DashBoard \ .
: : PostgreSQL
1
|

MinlO (S3 Storage)

e.g. Ref Data:
1. S&P 500 Tickers
2. Sector Map (GICS)

- —-_——— Tables:
- news_enriched
- news_equity_scores

- equity_news_state

“This module takes sector-classified news and produces a clean, persistent per-stock news factor.”
13



Implementation - sentiment & LLM: From Text to Structured Signals

FinBERT sentiment (news-sentiment)

[e]

[e]

o

Model: ProsusAl/finbert (finance-specific BERT sentiment model).
Input: title + full_text of each article.
Long articles:
© Split into 512-token chunks — run FInBERT per chunk.
© Aggregate via token-weighted average of P(neg / neu / pos).
Output fields:
© sentiment_score = P(pos) = P(neg) — continuous [-1, 1]
© sentiment_label € {neg, neu, pos}
°© sentiment_model, sentiment_at

Writes into Kafka topic topic_news_enriched.

LLM meta annotation (news-lim-annotator)

[e]

o

[e]

Backend: Llama via Ollama (local LLM server).

Reference: S&P 500 tickers + sectors loaded from MinlO (refdata/sp500/latest.csv).

For each enriched news, the LLM predicts:
° scope_type — single_stock / sector / macro
© event type — earings / macro / policy / company_action / generic
© importance — continuous [0, 1], strength of impact

© tickers_explicit — directly affected S&P 500 tickers (e.g., [[AAPL","MSFT'])

Protocol:

© Prompt = ticker list + news JSON + explicit instruction to output only these 4 fields as JSON.

© Output topic: topic_news_Illm_annotated.

14



Implementation - From One News Article to Per-Stock News Score

°* News — Equity Scoring Logic @
ittt ittt J; Inputs ~ }====m=mmmmmmees
&8 kafka
From topic_news_lIm_annotated (Kafka): 4$ MINIO

- domain_top, domain_scores (sector probabilities)

- sentiment_score, sentiment_label

- scope_type, event_type, importance, tickers_explicit
- published, source, news_id

From MinlO reference:
- ticker_to_sector, sector_to_tickers (S&P 500 universe).

étep 3 — Time decay, importance, duplication\

Half-life by scope_type:
- single_stock: 24 h, sector: 48 h, macro: 72 h (others: 36 h).

Time weight:

Step 1- Sector weights

Convert domain_scores > sector weights:
- Use top K sectors (default K = 3).

- Apply exponent a to sharpen differences.

- Normalize to obtain w_sector[s] with s w_sector[s] = 1.

Step 2 - Distribute to tickers

For sector s with N tickers:

A

- w_time = exp(-In(2) * At_hours / half_life)
Old news (e.g., older than 10 days) is ignored

Combine:
- base_mult = importance x w_time x dup_weight
Qup_weightslightly increases if many sources report the same cluster.

)

A

@ep 4 — Scope-aware allocation & Ascore
Weight rules by scope_type:

- single_stock: focus on tickers_explicit (= uniform over explicit tickers).

- sector: mix explicit names and sector distribution (e.g., 80% explicit, 20% sector).
- macro: if explicit tickers exist, split between explicit and broad sectors;

otherwise distribute over sectors only.

\ 4

Each ticker gets w_sector[s]/N.

If a ticker belongs to multiple sectors
(e.g., ETFs), weights are summed.

\

/Step 5 — Maintaining the final per-equity score

For each ticker i:
-n_acc =3 (w x s_sent).
-d_acc=2w

For each ticker t:

- w_ticker[t] from above rules

- w_totalft] = w_ticker[t] x base_mult

- delta_score[t] = w_totalft] x sentiment_score

Very small w_total are dropped; remaining pairs are inserted into
%ws_equity_scores(news_id, ticker, delta_score, weight, s_sent, published_y

- current_score = clip(n_acc /d_acc, -1, 1)
Updated and stored in equity_news_state whenever new news arrives.

Downstream components use equity news_state.current_score as the

\' for each stock. /

15



Implementation — Investment Strategy

* News-Driven Stock Selection + RSI & Bollinger Band Trading

1. Stock Selection (News-Based Top 10 Filtering)
« Each stock receives a News Score based on aggregated sentiment and relevance.
* The Top 10 stocks with the highest News Scores are selected for trading.

— Focuses on stocks with high market attention, strong catalysts, and short-term volatility.

2. Buy/Sell Decision: RSI + Bollinger Band Combination

RSI (Relative Strength Index)

* Momentum indicator ranging from 0-100.

* RSI <30 — Oversold condition — High probability of rebound.

Bollinger Bands : {
* Middle Band: 20-period moving average. e i P 1
* Upper/Lower Bands: MA + 2 standard deviations I"«.M.._ r"tﬂn

* Price below the Lower Band — Excessive short-term sell pressure.

[Bollinger Bands]

16



Implementation — Investment Strategy

*  News-Driven Stock Selection + RSI & Bollinger Band Trading.

/< News-Score Top 10 >

@ GCoogle
amazon

o™ Microsoft

<3

NVIDIA.

.

¥

~

)

/” <RSI & Bollinger Band >

~

RSI <30, AND
Q By
Close price < Lower Bollinger Band
J

N

0 §ELL )RS!>550R
k Close price = Middle Band (MA20)

_/

..........
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Implementation — Dashboard

Finflow Dashboard

Finflow Dashboard

Shared Symbol: AAPL
NEWS 8 SCORES - AAPL Al Q&A Chatbot

News Score

The first step workers should take after a layoff. as job losses soar

Microsoft will raise prices of commercial Office subscriptions in July

16:517:408:2319:109:520:40
12-042-042-042-042-042-04

ACCOUNT / TRADING [Mzza] =302

Hefi7bs2lsta%
$89,958.71

=azlon
==
22 Signal(BUY/SELLYO] 2ATE Of
+2 25 BY), MBI F2 2E0=

LY.L
Fil PG

237k PSA
GM
WBD
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GOOGL

=
o

E
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http://141.223.44.126:8501/
http://141.223.44.126:8501/

Demo

Available buying power on login

Finflow Dashboard

NEWS & SCORES - AAPL Al Q&A Chatbot

0.045

CHART 3 ACCOUNT / TRADING

e Ao LOGIN

reshold) 0|40 288 Swa 4y
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Demo

Manual Buy

Finflow Dashboard

NEWS & SCORES - AAPL Al Q&A Chatbot

0.045

CHART 3 ACCOUNT /

Her AN yuE o

e
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Demo

Manual Sell

Finflow Dashboard
NEWS & SCORES - AAPL Al Q&A Chatbot

CHART 1

0.045

ACCOUNT / TRADING R0t
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Demo

Sell signal detected within candidate list

5

Finflow Dashboard

NEWS & SCORES - AAPL Al Q&A Chatbot

0.045

CHART 3 ACCOUNT / TRADING
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$81,962.36
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Demo

Sell signal for symbols not in the candidate list

Finflow Dashboard

NEWS & SCORES - NOW Al Q&A Chatbot

CHART 3 ACCOUNT / TRADING
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Demo

Buy signhal detected within candidate list

Finflow Dashboard

CHART 1 n NEWS & SCORES - AAPL Al Q&A Chatbot

0.046

CHART 3
ACCOUNT / TRADING

HUT Y

A7 ENaY
$58,448.65




Conclusion

*  Project Summary

Finflow implements a fully automated, real-time financial intelligence pipeline that ingests RSS news
and live market data through Kafka, normalizes them into a unified schema, and stores them in
MinlO, PostgreSQL, and Elasticsearch

Overall, the project demonstrates how streaming architecture, NLP/LLM models, and rule-based
strategies can work together to form an end-to-end quantitative trading platform

e Lessons Learned

Importance of a unified data schema

News data is noisy and requires multiple layers of enrichment

Real-time systems require careful fault tolerance & idempotency

LLM modules provide strong interpretability but must be combined with rules

*  Future Work

Quantitative Evaluation
®* News sentiment — Concordance rate with actual price movements (%)
® Rule-based vs. LLM-based recommendations — Return comparison

25



Project Timeline

Task

Chuseok

Oct 2nd
Week

Midterm

Oct 4th
week

Nov 1st
week

Nov 2nd
week

Nov 3rd
week

Nov 4th
week

Dec 1st
week

Set up development environment
& integrate data source APls

Implement basic data collection
& streaming pipeline

Develop core modules integrating
FInBERT & LLM APIs

Integrate PostgreSQL
& Elasticsearch for data modeling

Develop and demo
dashboard prototype using
Streamlit/Flask

26
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