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Abstract

Due to the increasing growth of social networks in recent years,
investors in various markets, in addition to reviewing and analyzing
classic market information, also pay attention to news and information

Research Paper

published on social networks. By examining and evaluating the
relationship between news and information published on social
networks and changes in stock prices, it is possible to understand the
impact of the information on stock prices and predict the future trend.
In this article, using the methods of sentiment analysis and text
mining, the impact of public thoughts and feelings caused by news on
the Internet and cyberspace on stock prices is examined. The
information used in this research includes content published on the
social network Twitter about stocksand real stock price data of the
top 5 companies on the US stock exchange. Using the presented
method, general feelings about a text are estimated and a general score
is considered for it. Then, using back testing methods and adopting
different trading strategies, the impact of these emotions on the share
price trend will be examined and the obtained results will be
compared with and without the effect of emotion analysis. According
to the results of this study, the effectiveness of strategies based on
sentiments analysis is significantly higher than technical analysis-
based methods.
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In [4]: tueets.head()
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Out[1]: Open High Low Close Volume

day_date

2010-06-01 37.0986 37.9914 36.9943 37.2614 218455576
2010-06-02 37.7914 37.8286 37.1907 37.7071 171594061
2010-06-03 37.8828 37.9357 37.2014 37.5886 162341809
2010-06-04 36.8871 37.4143 36.3757 36.5664 189045767
2010-06-07 36.8986 37.0214 357928 35.8486 221253336

2020-05-22 3157700 319.2300 315.3500 318.8900 20450750
2020-05-26 323.5000 3242400 316.5000 316.7300 31380450
2020-05-27 316.1400 3187100 313.0900 318.1100 28236270
2020-05-28 316.7700 3234400 3156300 318.2500 33449100
2020-05-29 3192500 321.1500 316.4700 317.9400 38399530

3085 rows x 5 columns
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Open High Low Close Volume positiveCount negativeCount
Date
2014-12-31 44618000 45136002 44450001 44481998 11487500 0.0 0.0
20150102 44574001 44650002 42852000 43862000 23822000 0.0 0.0
2015-01-05 42910000 43239939 41431999 42018002 26842500 0.0 1.0
20150106 42012001 42840000 40841999 42258001 31309500 1.0 0.0
20150107 42669998 42955001 41956001 42189999 14842000 1.0 1.0
2019-12-23 32.356003 84402000 32000000 83.844002 66593000 25.0 11.0
2019-12-24 383671997 85054002 582538002 85050003 40273500 16.0 3.0
2019-12-26 285.582001 86.695099 85269997 86.188004 531869500 3.0 9.0
2019-12-27 87.000000 &7.061996 85222000 86.075996 49728500 10.0 5.0
2019-12-30 85.758003 85800003 B81.851997 82940002 862932000 7.0 20
1258 rows = 7 columns
backtesting wbuls” solizsl 3,50 (cloodls  lgi jlslo .V S
LS)-" jvon =)

—Caygi dani By e S oo Jl 0 1) Ny g Ny s 40 ¢35yl cus & Sbj) ol
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Do o o y0gy8 Heiwd Wb Ny 3l yuin e sl
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WA o bl 1) dges cpl zols (A) JSE cCunl 00 035 ez M8 &S Slulus! glaosls
@b @il Jro o3)lge ol o Molaa 3Tyl nl sl 0ad anulbre glayial)ly
ilodd Ly 5 Py 05 )3 &S Wliom e g SRS 9 3 STkl
o 03l £9,3 g, :Start
ey o3k oLk &b End
Sl o3b e Job :Duration
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235b Lo, :Return
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IS g 13 o)yl ad3L e,y :Buy and hold return
ey ol Volatility

(52t 4 (3L) o) Cuns Sharpe ratio

ob; :Drawdown

SMolro 3lass :Trades

(390 b dlolee) (559, Juo,> :WinN rate

ol 0392 1o p3 VWA 35l ¢ yg5lel <8 4 gl ol il ol p> &S

Start 2014-12-31 be:08:00
End 2019-12-38 B2:068:0808
Duration 1825 days ©2:80:080
Exposure Time [%] 95.786963
Equity Final [$] 22925.375757
Equity Peak [§] 37173.027688
Return [%] 129.253758
Buy & Hold Return [¥] 495.889875
Return {(Ann.) [%] 18.@8e412
Volatility (Ann.) [#] 33.355299
Sharpe Ratio 8.542855
Sortino Ratio 8.951525
Calmar Ratio 8.443312
Max. Drawdown [%] -4@.78485
Avg. Drawdown [%] -4.817662
Max. Drawdown Duration 480 days ©2:80:88
Avg. Drawdown Duration 33 days ©2:80:00
# Trades 141
Win Rate [%] 56.828360
Best Trade [%] 36.313972
korst Trade [%] -17.192865
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9o 59y 29 (ST g ar ]y dbolae LIS (pioren 5 SleMbl ) (V) 13505 5
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o otales |y ol 5 o9 bl 5 ot Cosd L) IS Jloged 55 pow Cuand 5 o1 L slize
i g e Sluwlual b slacwsi dlaws «Molre woe ud b 4 55 (gm0 duw AR
i e Gl edbgpe (Sloj0ye (b Iy ite Clulual b slacunys



VEe s Olin) OFF o ladic Sl Sy ke 51l ot 4 55

Relun

Frofit/ Loss

Volurme

et ogel backtesting abols’ (ojlwaigs (olaeSuss 5l ooliwl b el )

@ Final (129%)

| = MaxDd Dur. (439 days)

® Peak 272%)

[ G WEPN

Max Drawdown (-40.8%

50%
0% e
30%

10% 1‘:1 = “jait A“:’ﬁlk a
L ARGy ¢ o b, R e 3142y

| 1an1 Trades (141)
—— SMA(C.10,
SMA(C .20,

1500 |

1000

500 1

Dec'14

7| sentmentiposdivec.

bt )

Oct15 Aug'16 May'17 Mar'18 Dec'18

\.JW

YVTRIFE TR | R 7S TR STV § "

T e T 4 Y | R e

)] S5 sy digad ool (SIS Sirlad IF Josai

sl dunlote b canl Jolee glg 40 )8 ) Sl 0ad 359l paw 2 (sl dgg0 s3]yl
S pi 6l ol odal dald] )3 Slusle ) gols eb diuin @35L 45 g0k Ny ¢ N,

ol g o3l opl (ooe ol el Cows 4 Ny= Ve 9 M= Ve il o o ygslel
ol 04 021> L (V) 105 ¢ (V) S )0 i yi & dbbgypo (S81,S

Start

End

Duration

Exposure Time [%]
Equity Final [%]
Equity Peak [%]
Return [%]

Buy & Hold Return [%]
Return {(Ann.) [%]
Volatility (Ann.) [%]
Sharpe Ratic

Sortino Ratio

Calmar Ratio

Max. Drawdown [%]
Avg. Drawdown [%]
Max. Drawdown Duration
Avg. Drawdown Duration
# Trades

Win Rate [¥]

Best Trade [%]

Worst Trade [%]

2614-12-31 066:08:0808
2019-12-36 0o:00:00
1825 days 92:02:09
95.786963

456856, 268889
51422.953414
3568.56268%
405899675
36.259565

38.53678

B.9489086

2.826967

1.862541
-34.125269
-3.622864

482 days @9:82:88
25 days ee:90e:0@
48

66.666667
34.785444
-17.413381
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End

Duration

Exposure Time [%]
Equity Final [$%]
Equity Psak [§]
Return [#%]

Buy & Hold Return [#]
Return (Ann.) [%]
Volatility (Ann.) [%]
Sharpe Ratio

Sortino Ratio

Calmar Ratio

Max. Drawdown [#]
Avg. Drawdown [X]
Max. Drawdown Duration
Avg. Drawdown Duration

# Trades

Win Rate [%]
Best Trade [#]
Worst Trade [%]

2014-12-31 ©2:86:00
2019-12-3¢ 2e:8e:00
1825 days ©2:82:88
98.069221
41388.8238961
41152 . 669455
21e.88831
187.441837
32.721878
33.1888606

B.988287
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Start

End

Duration

Exposure Time [%]
Equity Final [%]
Equity Peak [%]
Return [%]

Buy & Hold Return [%]
Return (Ann.) [%]
Volatility (ann.) [%]
Sharpe Ratio

Sortino Ratio

Calmar Ratioc

Max. Drawdown [&]
Avg. Drawdown [%]
Max. Drawdown Duration
Avg. Drawdown Duration
# Trades

Win Rate [%]

Best Trade [#%]

Worst Trade [#%]
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Start 2814-12-31 ©0:066:08
End 2@19-12-32 B8:00:08
Duration 1825 days 92:80:88
Exposure Time [%] 95.786963
Equity Final [$] 30978.893127
Equity Peak [$] 30978.803127
Return [%] 299.723931
Buy & Hold Return [%] 277.985626
Return (4nn.) [%] 31.99581
Volatility (Ann.) [%] 29.919164
Sharpe Ratio 1.869382
Sortino Ratio 2.284615
Calmar Ratio 1.744251
Max. Drawdown [%] -18.343124
Avg. Drawdown [%] -2.880861
Max. Drawdown Duration 178 days ©©:00:80
Avg. Drawdown Duration 268 days e9:82:80
# Trades 37
win Rate [¥] 62.162162
Best Trade [%] 23.993431
Worst Trade [#] -5.827166

CBlogySlo CSd (sl digp (el gl ) - S



VEee Ol OFF ojladic o oy ks Sll0lir 4,25

Ratwn

Peak (300%)
@ Fnal (300%

—— Max Dd D (177 days)

M Drawdown (-18.3%)

Froft / Loss

o,

N
FENVN

A Y
""____*t___‘_ --------

140 -

1011 Traces (37)

. 10)

— s

SMAC.20)

T IPRTRR SN SO WO 11

senumentinegatvec. )

SlogySole <3 (Sl dicgr ] (SIS ialed e bge

]
27
i
L L LR R R RE R LY R R T LR L

&5yl opl (e3de Zols el Cawd 4 NYZ VY 9 M=V slsel o o0 Mud <8 y5 (¢l
ol 04 023 L (YY) )hges o (V)) IS5 5 i b 4y dbgnye (S81S isled o

Start

End

Duration

Exposure Time [%]
Equity Final [$]
Equity Peak [8]
Return [%]

Buy & Hold Return [%]
Return {&nn.) [%]
Volatility (Ann.) [%]
Sharps Ratio
Sortino Ratio
Calmar Ratio
Max. Drawdown
Avg. Drawdown
Max. Drawdown
Avg. Drawdown
# Trades

Win Rate [¥%]
Best Trade [¥]
Worst Trade [#%]

[%]
[%]
Duration
Duration

2814-12-31 ©6e:00:80
2819-12-30 6@:00:08
1825 days ©62:02:88
98.937997
22298.986752
224108.786831
122.989868
86.457455
17.425947
52.372583

08.33274¢

8.621811

8.327669
-53.184664
-11.11516%

483 days B8@:62:88
65 days ©e:62:80
1<)

£8.333333
28.695625
-23.374733
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