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Relationship Hypothesis

Research Objective

Research Result

® Examine whether relationship exists between Sentiment

Leading relationship exists between Sentiment and Russell 2000 ® Sentiment Indicators did not exhibit strong (short term) relationship

3 PC1 vs Russell 2000 Close Price with S&P 500

Indicators and Market Direction

® Validate whether these Sentiment Indicators are leading

® Strong, leading, short term relationship with the Russell 2000 Index

and adds dimension to current Technical Indicators | _ _ , ,
p > \/ A Predict Market Direction Hypothesis
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® Better predict market direction using this additional May-15 'Jr \\/\/ v Noots Jul-15 ® Able to predict the direction of Russell 2000 for next trading day
information : /—\5/ with 80% accuracy; 30% better than just using Technical Indicators
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Interesting Findings . :
Information Source
Positive Articles Ratio vs Russell Index Negative Articles Ratio vs Russell Index ’ DATE

—RuUssell 2000 Close Price PC1

\ | Was able to find a strong, leading relationship between the Sentiment Indicators and Russell 2000 Index. This chart is Social Media Data Latest Articles related to
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RN ‘ ‘ ‘ ‘ ‘ l ‘ specific tickers
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R N a plot of first principal component of Sentiment Indicators vs Russell close. It is important to note that almost all :
- B | Breaking News related to these
| | ‘ ‘ | 3 tickers
o . . e . . . . . Feed Reader
A OO 2 | | | | | | | principal components were significant, i.e. PCA could not drastically reduce the dimensionality of data. (setup on RCC Clusters)
Gs 1o ; : -5 0 s 10 15 Ticker collected every 5mins Market Outlook related to
Dictionary aggregated daily broader market
Positive sentiment affects the market much slower than negative The negative articles ratio on the other hand, as shown in the figure Long Ideas derived from Latest
sentiment. Figure above shows the ccf plot of latest positive articles ratio above, has, as expected, a negative significant correlation from lag -6 to O. @ Articles
vs Russell and it shows a positive significant correlation. It also shows that The ccf also shows that unlike positive ratio, the negative articles ratio effect M Et h O d O I Ogy Sentiment Data (Daily) Short Ideas derived from Latest
Training window Articles
the effect of positive ratio rises gradually. This could mean that Russell rises sharply but dies out pretty quickly after day 0. This could mean that 4/21/2015t0 7/6/2015
Validate Window
adjusts much slower to this positive ratio indicator and that this indicator Russell adjusts quite quickly to negative sentiment and that the market price 7/7/2015t0 7/31/2015 Popular Articles
has both leading and lagging effects. reflects the current sentiment. .
Information
Source: Data Cleaning Sentiment Classification

Preprocessing B Mopneing ingine US——— Sentiment Classification Engine

Preprocessing Data

!
Sentence
WORD TAG CHUNE  LEMMA ROLE HORD TAG . . . Segmentation
CEONK  rma —>  Model ® Different from Standard dictionary based
Gilead NNE NP gilead — ilea ilea . o
Sciences NNE: NP * scliences - Scfeice: ﬂES EE ~ gcienies ClaSSIerrS . .
_ i _ _ _ |© Bz _ e Tokenization
a oT NE a - 2 oT HME a
Rars JJ NE ~ rare — are o~ rare i
@ Undervalued NWE NP = undervalued — Underva?_-ued blzer-J:;P EE -~ undervaluesd . . . Identifies Entity Sen;tl_rner:'t 1
Company NNF NP ~ company — Company NNP NE Company TEChnlcaI |ndlcat0r5 CIaSS|f|cat|on ParFrOf S.p(EECh
In 1IN PP in - In 1IN EP in . agging
S&P 500 Engine
B oT MNE a — ray oT NE a
. - _— 33 ~ o Market Data > : : : '
@ U oL uT T e & ® Matches Sentiment with the Entity ity
Market NNP NP market - Market  NNF e © market Russell 2000 Close Price Identification
Before Preprocessing After Preprocessing ® Accuracy rate was 84% vs Standard Probabilistic Sentiment
Matching
approach was 51% I
Sentiment

Classification

Classification Example Sentiment Dictionary

Example: Complicated Scenario

Conclusion & Further Improvements

T ® Additional data needed
Association rule
HoRR o mEe TEPER momm nEER ® Standard publicly available dictionaries e.g Bill McDonald’s , discovery
Erelon o o Treden Harvard Inquirer etc. ® Weight the sentiment measures based on stock weights in the index.
. WM NE SBJ cost
= VEBA VE - be
JMmeEs o vE T e X Cost — . ® Machine Learning to build dictionary ® Adjust for Seasonality
but cC - - but / C . ' d d
Excelon NP NE SBJ excelon ost IS requce :}
could  MP VE - e ® Manually further customize i ing i i
e w e o X Cost s not reduced —> @ y . o= = ® Remove lagging effect from leading information
For IN PP - for {AWESOME} => {1} 0.011289867 1.773717146 @
Income NN NE - income
B Rules Support Lift ® Use time warping techniques to give different weights to different periods
Growth NNE NP ~ - growth {Iamest} => {0} 0.000141123 2.292461986 @
thate,lamest} =>{0} | 0.000141123 2292461986 ® Try additional machine learning techniques
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