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Using News to Predict Stock Movements
)z EEnE g ET = TWO SIGMA

Can we use the content of news analytics to predict stock price performance? The ubiquity of data today
enables investors at any scale to make better investment decisions. The challenge is ingesting and interpreting
the data to determine which data is useful, finding the signal in this sea of information. Two Sigma is
passionate about this challenge and is excited to share it with the Kaggle community.

As a scientifically driven investment manager, Two Sigma has been applying technology and data science to
financial forecasts for over 17 years. Their pioneering advances in big data, Al, and machine learning have
pushed the investment industry forward. Now, they're eager to engage with Kagglers in this continuing pursuit
of innovation.

By analyzing news data to predict stock prices, Kagglers have a unique opportunity to advance the state of
research in understanding the predictive power of the news. This power, if harnessed, could help predict
financial outcomes and generate significant economic impact all over the world.
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market_train_df

count
mean

std

25%
50%
75%

max

volume

4.072956e+06
2.665312e+06
7.687606e+06
0.000000e+00
4.657968e+05
9.821000e+05
2.403165e+06

1.226791e+09

.describe()

close

4.072956e+06
3.971241e+01
4,228822e+01
7.000000e-02
1.725000e+01
3.030000e+01
4.986000e+01

1.578130e+03

open

4.072956e+06

3.971233e+01

4.261116e+01

1.000000e-02

1.725000e+01

3.029000e+01

4.985000e+01

9.998990e+03

returnsClosePrevRaw1l

4.072956e+06

5.473026e-04

3.697774e-02

-9.776464e-01

-1.089241e-02

3.373819e-04

1.165695e-02

4.559245e+01
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returnsOpenPrevRay

4.072956e+06

9.569113e-03

7.084388e+00

-9.998881e-01

-1.108987e-02

3.824092e-04

1.183612e-02

9.209000e+03

news_train_df.describe()

count
mean
std
min
25%
50%
75%

max

urgency

9.328750e+06

2.321202e+00

9.470095e-01

1.000000e+00

1.000000e+00

3.000000e+00

3.000000e+00

3.000000e+00

takeSequence
9.328750e+06
2.122825e+00
2.944505e+00
1.000000e+00
1.000000e+00
1.000000e+00
2.000000e+00

9.700000e+01

bodySize

9.328750e+06
3.768918e+03
7.475653e+03
0.000000e+00
0.000000e+00
1.571000e+03
4.504000e+03

1.227700e+05
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companyCount
9.328750e+06
5.027720e+00
8.787980e+00
1.000000e+00
1.000000e+00
1.000000e+00
5.000000e+00

4.300000e+01

BT [ HC 3k 1 20 A

sentenceCount
9.328750e+06
2.250942e+01
3.601975e+01
1.000000e+00
1.000000e+00
1.000000e+01
3.000000e+01

1.205000e+03
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MNews count vs time
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Delay time distribution
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Top 10 news provider
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Company count distribution First mention sentence distribution
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a) RegfEKagglefIKernels FRERREFIIZIT, ANEIASIFREGEIE TE
b) z&: KaggleBN Wit taxE, KEEiEERFRITHIdisconnectfyjalfl, ESMRFSEE, RMub A

==

TRRE

LGBMClassifier(boosting_type="dart', class_weight=None, colsample_bytree=1.0,
importance_type='split', learning_rate=0.1, max_depth=-1,
min_child_samples=212, min_child_weight=6.601, min_split_gain=06.0,
n_estimators=500, n_jobs=4, num_leaves=2452, objective='binary',
random_state=100, reg_alpha=0.0, reg_lambda=6.81, silent=True,
subsample=1.0, subsample_for_bin=200000, subsample_freq=0)

[Reconnecting]

Your kernel is now running in the cloud. Here are some things you can do with it:
* Use the Play button or [SHIFT]+[ENTER] to execute the current line of your script (or whatever's highlighted).

* Enter some code at the bottom of this Console tab and press [ENTER].

[Reconnecting]
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b) W%&: KaggleBNWILAIRE, KREEHEERITEIIdisconnectfymlRE, MuLBL-R
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Model 1 - voting LightGBM

a) Preprocessing for Market data

*Fill nulls - Market values: All null data comes from market adjusted columns. We fill
them up with the raw values in the same row

*Outliers - Open to close: the difference between open price and close price cannot be too much difference
(market would corrupt otherwise). We treat these outliers by clipping the close-to-open ratio(and add as a new
feature)

*Outliers-Returns: Return should not exceed 50% or falls below 50%. If it does, it is either noise, or extreme
data that will confuse our prediction later on. We remove these extreme data.

*Remove strange data: Here we remove data with unknown asset name or asset codes with strange behavior.

b) Preprocessing for News data

*Remove outliers: apply a clip filter to reduce too extreme data

c) Then, process both market and news data, then merge them



ll Model 1 - voting LightGBM

d) Data selection(Origin: 2007-2016)

* Looking at the statistics, most data behave homogeneously after 2009 (volume increase, price increase,
etc.). However, before 2009, due to the burst of the housing bubble that leads to the financial crisis in
2008, the data behaves differently.

So the question to make the right prediction for this problem is: Will there be a financial crisis in the
next 6 months?
If the answer is Yes, then we include data before 2009. If the answer i then we exclude them.

## we used data from data from 2009.1.1 last time but this time we used data from 2010.1.1.

 Random train-test split

* Extract data: X, Y, r, u, d(which are used to calculate final score)
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e) Model building - choose LightGBM classifier

LightGBM architecture

Leaf-wise growth

g%@m{i%@%@ ......

« A tree-based model, which do not require standardization

« Have tried a regression model, but a problem is that it gives close-to-0 values for most of
prediction, which leads to bad result.

« Thus, | convert this problem into a classification problem: 0 for negative return and 1 for
positive return. And the target variable-return can be represented by predicted return =

y predict proba[;1] - y predict probal:0].



ll Model 1 - voting LightGBM

f) opt params&#ifiift: FIBEGridSearchCViIRandomizedSearchCVEiZZI TILIRRIKSE

Nt

‘n_estimators':500 - XZ2EMHIRAMIEE, BERAKANEAIRE

*boosting type "' dart’ - LGBEMEHAIboosting&£iHgbdt, rf, dart, doss

‘num leaves 2452 - —tRRHKN_ERITFEL

«objective: ‘binary’ - binary logloss(FFFS%)

min_child_samples:212 - —\MF EEIRNG/INSE. ATLARKRGIEEILIS.

-reg_lambda "0.01 -NERL2IENHLIA, XPMSEERAREFIXGBoostHIIENICERZHI, AT MGG

Training until validation scores don't improve for 40 rounds.

[20] valid_@'s binary_logloss: 0.689611 valid_1's binary_logloss: 0.690806
[40] valid_0's binary_logloss: 0.689767 valid_1's binary_logloss: 0.690905
Early stopping, best iteration is:

[1] valid_@'s binary_logloss: 0.689386 valid_1's binary_logloss: 0.690634

LGBMClassifier(boosting_type='dart’', class_weight=None, colsample_bytree=1.0,
importance_type='split', learning_rate=0.1, max_depth=-1,
min_child_samples=212, min_child_weight=0.001, min_split_gain=0.0,
n_estimators=500, n_jobs=4, num_leaves=2452, objective='binary',
random_state=100, reg_alpha=0.0, reg_lambda=0.01, silent=True,
subsample=1.0, subsample_for_bin=200000, subsample_freq=0)




Model 1 - voting LightGBM

g) EFHAEE AR RI SIS E R

Features im portance

assetCodeT
returnsOpenPrevikiresl
returnsClosePrevMkiresl
returnsClosePrevRawl
volume
returnsOpenPrevRawll
dose_to_open
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returnsClosePrevMktres10
returnsOpenPrevMktras10
returnsOpenPrevRawl
open

dose

sentimentMeutral

sourceTimestamp

T T
0 50 100 150
Feature importance
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h) if&final scoredfyy,; .BNFE{iJAtarget variable}¥5ground truthBreturnsOpenNextMktres10%3Lk
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Model 1 - voting LightGBM

i) Inspired by https://www.kaggle.com/skooch/Ilgbm-w-random-split-2

Fit a voting classifier
Eric Antoine Scuccimarra

LGBM w Random Split 2

Define a derived VotingClassifier class to be able to pass fit_params for early stopping. Vote based on LGBM models
with early stopping based on macro F1 and decaying learning rate.

DB

Improving lives

last run 3 months ago - IPython Notebook HTML - 855 views The parameters are optimised with a random search in this kernel: https://www.kaggle.com/mlisovyi/lighgbm-
hyperoptimisation-with-f1-macro

using data from Costa Rican Household Poverty Level Prediction - @ Puk

Notebook Code Datal(il) Output Comments(0) Log Versions(8) Forks(62)

# these parameters have not been altered from when they were originally tuned
# opt_parameters = {'colsample_bytree': 6.93, 'min_child_samples': 56, 'num_leaves': 19, 'subsamp
le': 6.84, 'reg_lambda’': 0.5, }

Notebook opt_parameters = {'colsample_bytree': ©.88, 'min_child_samples': 98, 'num_leaves': 16, 'subsamp
le': 0.94, 'reg_lambda': 0.5, }
opt_parameters = {'colsample_bytree': ©.88, 'min_child_samples': 95, 'num_leaves': 25, 'subsamp
le': 0.94, 'reg_lambda': 9.5, }

LGMB with random split for early stopping

Edits by Eric Antoine Scuccimarra - This is a fork of https://www.kaggle.com/mlisovyi/feature-eng # this follows the discussion in https://github.com/Microsoft/LightGBM/issues/1483
pred_labels = predictions.reshape(len(np.unique(truth)),-1).argmax(axis=8)

def evaluate_macroF1_1lgb(truth, predictions):

with-fi-macro, by Misha Losvyo, with a few changes:
f1 = fl1_score(truth, pred_labels, average='macro')

it t ' F1', f1, T
Some additional features have been added. return (‘macroft’, , True)

« Some features which were previously dropped have been retained. fit_params={"early_stopping_rounds" :888,
« Some of the code has been reorganized. CErEllmEras - SvEliE e et
. . . . . "eval_set" : [(X_train,y_train), (X_test,y_test)]
« Rather than splitting the data once and using the validation data for the LGBM early stopping, | , e
eval_names': ['train', 'valid'],
during the training so the entire training set can be trained on. | found that this works better tha Ceriaae o Falme.

'categorical_feature': 'auto'}



Model 1 - voting LightGBM

j) Construct an ensemble of multiple classifier and use soft voting to get the final result

Two Sigma: Using News to ... 166t Two Sigma: Using News to ... 98th
2 months to go - To of 1508 a month to go - Tog of 2036
Last Time This Time
predicted confidence predicted confidence
160 4 6000 4 —
B FPrediciton
140 + [ True data
5000
120 A
100 4000 -
80 - 3000
m_
2000
_4[]_
1000
20 -
0 0

~1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
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k) Summary

o FEXNEEEF, DEEEEREIEF S, REARARRRKEN. FALINEE RESURTMC R L
2, MERVENSEBRSEHE(XxEITERpositive/neutral/negative sentimentg§=5—), LAKAT
[BRIEEN (Z BITA /92008 £ RS HEEM 2009 ARIYF, REAIN2009E T BEIESLEIEtEARE, A
2010LASRISEE)

.+ MBETEDAGLRAIREHRM T RSFHI LN—E2%, (DABE—LMUITIERE5 K, ATLAIMERTERT
R EERIAER.

- ZE: TFEEESHES MU AE L. .. MR E] T /TR R AT b A 1 IEEA LIRSS ES



I Model 2 —= NN For Market Data

a) Preprocessing for Market data

cat_cols = ['assetCode’]

num_cols = ['volume', 'close’', 'open’, 'returnsClosePrevRawl’, 'returnsOpenPrevRawl', 'returnsClosePrevMktresl',

‘returnsOpenPrevMktres1’, 'returnsClosePrevRaw1@', 'returnsOpenPrevRaw1®', 'returnsClosePrevMktresi@’,
‘returnsOpenPreviktres18’ ]

#1 Handling categorical variables:
® encoding

#2 Handling numerical variables:

® Fill NA with zeros

® Standardize features by removing the mean and scaling to unit variance
(from sklearn.preprocessing import StandardScaler)




I Model 2 —= NN For Market Data

b) Define NN Architecture

Categorical
inputs

Input layer Embedding Flatten Dense layer

output

—

Concatenate Dense layer Dense layer

Numerical
inputs

Input layer Dense layer Dense layer
BatchNormalization




I Model 2 — NN For Market Data

b) Define NN Architecture

dense_8[0][0]
dense_6[0][8]

(LI 28F0lossEREL :

model = Model(inputs = categorical_inputs + [numerical_inputs], outputs=out)

model.compile(optimizer="adam'||loss=binary_crossentropy

®b -
280

Total params: 56,671

Trainable params: 56,649

Non-trainable params: 22




Model 2 — NN For Market Data

c¢) Train NN model

RERFR:

AR GRS, FERT3
epoch, FRJKZI135%H,

Train on 3665660 samples, validate on 4687296 samples
Epoch 1/3

3665660/3665660 [ 1 - 267s 73us/step - loss: 0.6826 - val_loss:
0.6831

Epoch 00001: val_loss improved from inf to 0.68306, saving model to model.hdf5

Epoch 2/3

3665660/3665660 | ] - 266s 73us/step - loss: B8.6821 - val_loss:
0.6849

Epoch 00002: val_loss did not improve from 0.68306

Epoch 3/3

3665660/3665660 [ 1 - 265s 72us/step - loss: 0.6816 - val_loss:
0.6823

Epoch 00003 : val_loss improved from 0.68306 to ©.68228, saving model to model.hdf5
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I Model 2 —= NN For Market Data

d) Evaluation of Validation Set

MarketZiER2HEEINEZ H5R,
A JENH 1/10898B EE FISREGIIE,
TERINEERE 575 90.6896 G

print(score_valid)

0.6896094517661229




I Model 2 —= NN For Market Data

e) the final score /5%3\1 067552, HF% E‘-U'I 1%

158 new LuWantong "i 0.67552 6 im

Your Best Entry 4

Your submission scored 0.6/7552, which is an improvement of your previous score of 0.65269. Great job!

1 Active Competition

@ Two Sigma: Using News to Predict Stock Movements % 158/1485

Top 11%

Use news analytics to predict stock price performance

Featured - : news agencies, time series finance money
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No more competitions to show




I Feature Selection

a) Market data
FEHURE A

“open” : RREFEMN

“close” : BREEWEMN

“Prev’ : [IfGHF

“Next" : [@BIE

"Raw” : [RIEHUE

"Mktres” : ZEEminikERIIEIE
“1" . HEEIEFAT1XK

“10" : HIEMEFH10XK

2.0

=
()

=
o

Value Percent(%)

0.5

0.0

returnsOpenPrevMktres10

returnsClosePrevMktres10

returnsOpenPrevMkiresl

returnsClosePrevMktresl

universe

Total Missing Value by market_obs_df

returnsOpenNextMktres10

returnsOpenPrevRaw1l0

returnsClosePrevRawl1l0
returnsOpenPrevRawl

Columns

returnsClosePrevRawl

open

close

volume

assetName

assetCode

time




s_obs_df

Total Missing Value by new

I Feature Selection
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b) News data
“sentimentNegative “
“sentimentNeutral ”
“sentimentPositive ”
“sentimentClass ”
(Eba iR

FELIER:

Columns



I Feature Selection

a) Market data Selection

AR : 201 0EESHIEEE
FERFE: NIAnHE, BTERSEESMIMNPAMESASTAES, SEBENAK

market_train_df[time1 — market_train_dfftime1.dt.date

market_train_df = market_train_df.locimarket_train_dffime1= —date010, 1, 1)]



I Feature Selection

a) Market data Selection

YSFEEEE

v
‘returnsClosePrevMktres10’ , '
returnsClosePrevRaw10’ , ‘open
", 'close’ PUMFHIE, DB F7F

YE. &EXE. RIMBE=1SEEY

FHIE, BOAX/INEREE93,7,14=F

FEFE: BTERRRFIIEAN
IR, FlERREI X,
IINEURFERHE, AR\l
RiRENE

Index([ time', "assetCode’, 'assetName’, "volume®, ‘close’, ‘open’,

‘returnsClosePrevRawl’, ‘returnsOpenPrevRawl’,
"returnsClosePrevMkiresl’, 'returnsOpenPrevMktresi’,
'returnsClosePrevRawl18’, 'returnsOpenPrevRaw18’,
‘returnsClosePrevMktres18’, 'returnsOpenPrevMktiresi@’,
‘returnsOpenNextMktres18', 'universe’,
‘returnsClosePrevMktres18_lag_3_mean”,
"returnsClosePrevMktres18_lag_3_max’,
‘returnsClosePrevMktres18_lag_3_min’,
‘returnsClosePrevMktres18_lag_7_mean”,
‘returnsClosePrevMkires1B_lag_7_max’,
"returnsClosePrevMkires1B_lag_7_min",
‘returnsClosePrevMktres18_lag_14_mean’,
‘returnsClosePrevMktres18_lag_14_max",
'returnsClosePrevMktres18_lag_14_min",
‘returnsClosePrevRawl18_lag_3_mean’, "returnsClosePrevRawl18_lag_3_max’,
‘returnsClosePrevRaw18_lag_3_min’, 'returnsClosePrevRawl8_lag_7/_mean’,
‘returnsClosePrevRawl18_lag_7_max’, 'returnsClosePrevRawl8_lag_7/_min’,
‘returnsClosePrevRaw18_lag_14_mean’, ‘returnsClosePrevRawl18_lag_14_max’,
"returnsClosePrevRaw1B_lag_14_min’, “open_lag_3_mean’, "open_lag_3_max’,
"open_lag_3_min‘, ‘open_lag_7/_mean’, ‘open_lag_7_max', ‘open_lag_7_min’,
"open_lag_14_mean’, 'open_lag_14_max’', ‘open_lag_14_min',
‘close_lag_3_mean’, 'close_lag_3_max’', ‘close_lag_3_min’',
"close_lag_7_mean’', 'close_lag_7_max’', ‘close_lag_/_min’',
‘close_lag_14_mean’, "close_lag_14_max', 'close_lag_14_min"],

dtype="object’)
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) result

predicted confidence

8000 4

7000 4

£000 4

5000 4

4000 4

3000 1

2000 4

10040 4

B Predicted confidence
e True market return

0
-1.00

—075

TWO SIGMA

—050 —0.25 0.00 0.25 0.50 0.75 1.00

Two Sigma: Using News to Predict Stock Movements
Use news analytics to predict stock price performance

Featured - - ¥ news agencies, time series, finance, money

) <

HER LightGBM

predicted confidence

6000 -

5000 4

4000 1

2000 4

1000 4

0

—1.00

—0.75

—0.50

—0.25

92/2026
Top 5%

B Frediciton
e True data

HEZ: 5i5%

1.00




] BEPASIRitR




j EpsT <

BIPARG R RETIE
. KRS, KHhE FEVRE, AFIETIE. mEABSES
IFREE. THE MBEEREH. mESEIEHITEDADT RS

B anp ik

- SR —EEAEMEKagglefIKernal BRI R B TS AVERS METIAME M A4S AEEEN T1E
- SESRPBEIRE

- LKA E—ERATEELL, SRR






