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In	
  the	
  year	
  2000,	
  the	
  value	
  of	
  
all	
  trades	
  in	
  US	
  financial	
  
markets	
  exceeded	
  $500	
  
Trillion	
  (U.S.	
  Census	
  Bureau,	
  
2001),	
  over	
  fiBy	
  Lmes	
  the	
  GDP	
  
of	
  the	
  United	
  States	
  for	
  that	
  
year.	
  A	
  third	
  of	
  all	
  stock	
  trades	
  
were	
  driven	
  by	
  algorithms	
  .	
  
	
  

The	
  Stock	
  Market	
  is	
  greatly	
  influenced	
  by	
  investor	
  confidence	
  and	
  
human	
  emoLon.	
  This	
  project	
  analyzed	
  1%	
  of	
  the	
  250,000,000	
  million	
  
daily	
  tweets	
  for	
  the	
  past	
  100	
  days	
  for	
  human	
  emoLon	
  in	
  order	
  to	
  
predict	
  the	
  stock	
  market	
  performance	
  of	
  various	
  financial	
  symbols.	
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Figure	
  1:	
  Year	
  2000	
  US	
  Financial	
  Markets	
  

Novelty:	
  Our	
  novel	
  contribuLons	
  are	
  to	
  experiment	
  with	
  idenLfying	
  
common	
  pockets	
  of	
  senLment	
  using	
  K-­‐means	
  clustering	
  machine	
  
learning	
  algorithms	
  and	
  drawing	
  correlaLons	
  to	
  varied	
  financial	
  
stocks	
  and	
  futures,	
  as	
  opposed	
  to	
  just	
  a	
  single	
  index.	
  There	
  are	
  few	
  
publicaLons	
  that	
  accurately	
  predict	
  the	
  stock	
  market	
  based	
  on	
  
twi[er.	
  Those	
  that	
  claim	
  to	
  do	
  so	
  use	
  quesLonable	
  methods.	
  

Func>onal	
  Requirement:	
  Predict	
  whether	
  a	
  stock,	
  index,	
  futures	
  
contract,	
  exchange	
  traded	
  fund	
  (ETF),	
  fixed-­‐income	
  security,	
  
indicator,	
  or	
  mutual	
  fund	
  will	
  go	
  up	
  or	
  down	
  in	
  a	
  future	
  Lme-­‐frame	
  
(provide	
  an	
  uncertainty	
  along	
  with	
  this	
  predicLon)	
  
	
  
Objec>ve:	
  The	
  lower	
  the	
  uncertainty,	
  the	
  be[er	
  

Collec>on	
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  Processing	
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1.   Data	
  Collec>on	
  –	
  
Download	
  2.5	
  million	
  
tweets	
  per	
  day	
  	
  	
  

	
  
2.   Sen>ment	
  Analysis	
  –	
  

Analyzes	
  each	
  tweet	
  
for	
  13	
  dimensions	
  of	
  
senLment:	
  	
  Tension,	
  
Depression,	
  Anger,	
  
FaLgue,	
  Vigor,	
  and	
  
Confusion,	
  etc.	
  
Assigns	
  each	
  
dimension	
  a	
  numeric	
  
score	
  	
  

3.   Dimensionality	
  
Reduc>on	
  -­‐	
  extracts	
  
important	
  and	
  
someLmes	
  hidden	
  
signals	
  of	
  senLment	
  
from	
  the	
  senLment	
  
data	
  

4.   Storage	
  –	
  	
  MongoDB	
  database	
  stores	
  
450GB	
  of	
  Tweets.	
  Holds	
  the	
  raw	
  tweets,	
  
senLment	
  scores,	
  clustering	
  results,	
  
financial	
  data,	
  and	
  all	
  other	
  intermediate	
  
results.	
  	
  

6.   Model	
  Learning	
  –	
  	
  The	
  predicLve	
  models	
  
are	
  learned	
  that	
  are	
  used	
  by	
  the	
  predictor	
  
to	
  create	
  the	
  stock	
  price	
  predicLons.	
  
Models	
  are	
  learned	
  based	
  on	
  training	
  
data.	
  TesLng	
  data	
  is	
  then	
  used	
  by	
  the	
  
predicLon	
  module.	
  	
  

7.   Predic>on	
  Module	
  -­‐	
  uses	
  the	
  derived	
  Twi[er	
  
data	
  to	
  make	
  predicLons	
  about	
  the	
  stock	
  
price	
  on	
  the	
  test	
  data,	
  the	
  second	
  parLLon	
  of	
  
data	
  menLoned	
  in	
  model	
  learning	
  module	
  
secLon.	
  Uses	
  linear	
  and	
  logisLc	
  regression	
  
and	
  K-­‐nearest	
  neighbors	
  predicLon	
  algorithm	
  	
  

1.   Data	
  Collec>on	
  
a.   Twi_er:	
  Tweets	
  

manually	
  verified	
  for	
  
correctness;	
  graph	
  of	
  
tweets	
  collected	
  per	
  
day	
  

b.   Finance:	
  Manually	
  
checked	
  for	
  correctness	
  

2.   Sen>ment	
  Analysis:	
  Tweets	
  
analyzed	
  in	
  all	
  dimensions	
  by	
  
humans,	
  and	
  compared	
  to	
  
machine	
  values	
  
a.   Sen>ment	
  v1:	
  Tested	
  

manually,	
  and	
  
determined	
  to	
  be	
  noisy.	
  
Process	
  repeated	
  as	
  
SenLment	
  v2.	
  

b.   Sen>ment	
  v2:	
  
Compared	
  human	
  
raLngs	
  to	
  predicted	
  
raLngs.	
  

3.   Dimensionality	
  Reduc>on:	
  
Checked	
  for	
  convergence,	
  
and	
  visualized	
  results	
  
a.   Clustering	
  
b.   Grouping	
  

RESULTS	
  

6	
  Model	
  Learning	
  and	
  7	
  PredicLon	
  Module	
  results	
  in	
  the	
  Results	
  SecLon	
  

Figure	
  2:	
  Project	
  Design	
  Diagram	
  

Figure	
  3:	
  Module	
  1a	
  –	
  Total	
  Tweets	
  Per	
  Day	
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Figure	
  4:	
  Module	
  2b	
  –	
  PosiLvity	
  dimension	
  in	
  senLment	
  analysis	
  

Figure	
  6:	
  Module	
  3b	
  –	
  Number	
  of	
  tweets	
  in	
  each	
  group	
  on	
  Jan	
  30,	
  2012	
  

All	
  Modules	
  were	
  tested	
  
for	
  correctness:	
  

Sen>ment	
  Version	
  1	
   Sen>ment	
  Version	
  2	
  
•  Tested	
  11	
  financial	
  symbols	
  
•  Training	
  Data:	
  October	
  22nd	
  2011	
  to	
  

December	
  26th	
  2011	
  (65	
  days).	
  	
  
•  TesLng	
  data:	
  December	
  27th	
  to	
  January	
  10th	
  

2012	
  (15	
  days).	
  	
  
•  Twi[er	
  SenLment	
  v1	
  created	
  noisy	
  

senLment	
  dimensions.	
  	
  
•  When	
  trying	
  to	
  predict	
  a	
  stock’s	
  

performance	
  based	
  on	
  the	
  number	
  of	
  tweets	
  
in	
  each	
  group,	
  the	
  average	
  predicLve	
  rates	
  
were	
  41%	
  

Figure	
  7:	
  Linear	
  Regression	
  PredicLve	
  Rates	
  

Figure	
  5:	
  Module	
  3a	
  –	
  Clustering	
  average	
  shiB	
  distance	
  

Figure	
  8:	
  K-­‐Nearest	
  Neighbor	
  PredicLve	
  Rates	
  

Figure	
  9:	
  LogisLc	
  Regression	
  PredicLon	
  Rates	
  

•  Tested	
  2747	
  financial	
  symbols	
  
•  Training	
  Data:	
  October	
  22nd	
  2011	
  to	
  

December	
  26th	
  2011	
  (65	
  days).	
  	
  
•  TesLng	
  data:	
  December	
  27th	
  to	
  January	
  10th	
  

2012	
  (15	
  days).	
  	
  
•  When	
  trying	
  to	
  predict	
  a	
  stock’s	
  

performance	
  based	
  on	
  the	
  number	
  of	
  tweets	
  
in	
  each	
  group,	
  the	
  average	
  predicLve	
  rates	
  
were	
  54%.	
  

•  Across	
  all	
  stocks,	
  K-­‐nearest	
  Neighbor	
  
achieved	
  56%	
  predicLon	
  rate	
  across	
  all	
  
offsets,	
  and	
  57.2%	
  predicLon	
  1	
  day	
  in	
  
advance	
  

Logis>c	
   K-­‐Nearest	
  	
   Linear	
  
0	
  days	
   0.556	
   0.576	
   0.505	
  
1	
  day	
   0.547	
   0.572	
   0.567	
  
2	
  days	
   0.544	
   0.562	
   0.492	
  
3	
  days	
   0.532	
   0.537	
   0.492	
  
Average	
   0.544	
   0.561	
   0.502	
  

Figure	
  10:	
  PredicLve	
  rates	
  of	
  all	
  methods	
  0,1,2	
  or	
  3	
  days	
  in	
  advance	
  

Figure	
  11:	
  Frequency	
  of	
  predicLve	
  rates	
  for	
  K-­‐Nearest	
  Neighbor,	
  
1	
  day	
  in	
  advance	
  

Figure	
  12:	
  Figure	
  of	
  index	
  fund	
  performance	
  over	
  the	
  date	
  ranges	
  tested	
  

•  Collected	
  250	
  million	
  tweets	
  and	
  followed	
  2747	
  
stock	
  symbols	
  for	
  6	
  months	
  

•  Analyzed	
  3	
  months	
  of	
  data	
  for	
  correlaLons.	
  	
  
•  Using	
  K-­‐Nearest	
  Neighbor,	
  achieved	
  average	
  56%	
  

predicLon	
  rate	
  across	
  all	
  2747	
  stocks	
  

Next	
  Steps	
  
•  Confirm	
  results	
  on	
  a	
  larger	
  data	
  set	
  
•  Training	
  data	
  has	
  different	
  characterisLcs	
  from	
  

tesLng	
  data.	
  We	
  can	
  likely	
  achieve	
  be[er	
  results	
  by	
  
extending	
  the	
  length	
  of	
  the	
  experiment	
  	
  

•  All	
  twi[er	
  users	
  are	
  not	
  created	
  equal.	
  Filtering	
  
tweets	
  by	
  influence	
  of	
  user	
  is	
  likely	
  to	
  improve	
  
results	
  

•  Filtering	
  tweets	
  by	
  subject	
  ma[er	
  is	
  likely	
  to	
  improve	
  
predicLon	
  rate	
  


