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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()

Out[4]: tweet_id ticker_symbol writer  post_date body comment_num retweet_num like_num
0 550803612197457920 AAPL SentiQuant 1420156789 #TOPTICKERTWEETS AAPLIMRS BA BAEBAY SAMZN. 0 0 1
1 550803612197457920 AMZN  SentiQuant 1420156789 #TOPTICKERTWEETS AAPLIMRS BA BAEBAY SAMZN 0 0 1
2 550803610825928706 AAPL SentiQuant 1420156788 #SENTISHIFTUP KFB GOOGLGS GOLDT SAAPL.. 0 0 1
3 550803610825928706 GOOGL SentiQuant 1420156788 #SENTISHIFTUP KFB GOOGLGS GOLDT SAAPL 0 0 1
4 550803610825928706 AMZN  SentiQuant 1420156788 #SENTISHIFTUP KFB GOOGLGS GOL DT SAAPL. 0 0 1
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prices « pd.read_csv(
prices

Scher_symbol  Gay_date Close_value  volume open_value high_value low_vakse

o AAPL 20200529 3T 84 3309550 31928 2195 IN4ET0
1 APL 20200528 31825 3348100 nem NN 36N
2 AAFL 2005 ns 1 28 SAL A2 AT 3130000
3 AARL  02005-2¢ nen %N e 316 5000
. AAFL  02008-22 31809 20480790 nsm 31923 3153500
17523 TSLA 20101221 55 MR 41029 41300 40185
LLEr T TSA 2 55 10 41029 41300 #018%
172 TSLA 2 Q525 TN a8 m B34 man
17526 TSLA 2 403 97 4500 43531 25N
wsa TStA 2 403 Wwsesy 4350 43531 26100

17528 rows = 7 colmas

plow cod Syl cloodh (A5 LSl diga Y IS5

1 Web Scraping
2 Selenium

3 Yahoo Finance
4 Open

5 High

5 Low

" High
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1oy sl
g g 03wl Cepgi 13 )8 g 5l olite Clanl b a5 caliste clacole ol
(Usernames) bl sy, pb
Lol s oo 4 50 3)lee b Tl Jdo 4 Ylenl &8 g 0 eldl (o8 pU
Sloads
{(Stop words) leejlgc |
wgare ds @ dhe @as Jio ()l ol cliaxo glaw )5 of, Je a8 SlalS

Sy sasl LJB > 4 post_date S 4 )b cw s sl j @Sl Kod a$
Caoyd b o)l GBjlaie S5 a4y b Gl oY oS Canl ods 5lo VAV/oV/0) b 5l onds
ol ly il 5y Sl Doy ole Sl M Jls Sl Y a8 Y-M-D a5 g,
ol 01 o3kl (ygnly il SLLST )3 35290 tO_datetime b i has

5 30355 s3hSly (gl ol > ool KaS 4005 55 20 B5 J5 3 L oy
Sgh m3jliel gy a5 3590 (sladilsulis” ;> edlatl esle]

adol Jdlu gl g wlonds zlyzeiwl il gal colw ;| edlatul dy0  seud (slaodly
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! Data cleaning
2 Retweet
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Cosd  ppomb  dhigh_value) cwd YL (open_value) aly cud
o3l 590 wllS” a5 oyl 4 an g5 b il o (VOIUME) & Moles v 4 (IOW_value)
ol sl 4 5l SBOLS ol g AsL e backtesting.py abols «SsunsSs ¢l
Boaly s |y (uiislgal 5l il adol pla slaosly jldle 1L o)y (6399 slrosls I
D94 o] Slbuls” olgsdy Hlisle
s (siadd 5555 splaes I3l ogas 2 5 Jlo sla il 55 (IS 5 & o el 5 LS
0303 Lyialed b loges 53 JuiS ol (ool S 4 clej Jobo 5o (o slaylil plo
Joli sy 4 &S ais OHLC (gjlassl pb b olisl (shls Yooms b JuiS 25gs o
IS &0 0 5 il 2Ll b 5 TCnd ol ¢ and VL Tyl o

g oo 035 yioles baylages 43 (A)

High High

Close Open
Open Close
Low Low

Coto JUS o Cranwr 5 siie JUIS Cuadly Cuanr (S 5 L5l BJSC3

5 (e oo ¥ SES) s 5 4 JST 8L ) cand 51 5V Ll o 38 Ygane
iled (Culy o ¥ JSD) 508 S5y 4 JAST a8l gl B 5l Sml UL ced S
Jolis 7 ulaily a8l G L backtesting.py abols’ (cly (63959 stdbo 395 0 03l
Cuod iy ) Close 5 Low High Open clapl b sy 4 )le! g ke
PU L bl gt o wizmed g (Sl Cuod g Cund (p Tmb e op VL gl
odly (gl )3 Wil aluls” oS 4 45 A3l o (Molre v 4 bgsye) VOIUME
ol 0 o () S )3 00 el 3l g2yl 2,

! Candlestick

2 Open price

8 High price

4 Low price

5 Close price

5 Pandas data frame
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t[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

backtesting.py o oslizu/ (cly zaid sloosh lp Jl5lo £ S

4 o b gy (B 50 0 &S gl st g oty Slolus] b)) 51 om
A 53 ey o (S ES 15 D plaw (e Ng) g g Olulus] (e LS ()
bl e ol 0ds aidld gy SMlolee w9 bacasgi ol byl w4 Tl (gim
GBS SeS @ oled 3 g np wiew e ) g e g Cude Slacungs dlas
Wl 01 dulire Slolus] U 351l 5l eolazwl b 235b 550 Dacktesting.py
Lo g3 dani § SHolro poxs bLS )

o bacdlizee (slajg) 3 C8 )b b by sy s ple daly (i ol
Alols” 5l a8 ed claodly S8 4 b sl odd gy p Kogel wyer 55 o Molro
o Ghe i, (VOIUME) dloles woxs ygiw I oolitwl b g osd zlSeinl uilégal,
ol (sl3505 8 oyl (gl vl oss b)) a5 3yg0 <8 pb i (sl SMlolre g laas g8
Sl hbged muy sl vl ol iy Glas Ao Sloj o3l 50 lelee ps g Cangs Dlass
Do (oo 03wl (! el wgd
3 &S ol S5 4 p3Y amd o i VoY B YD cladlo ojb 55 Ko pel oygr e
9 by s 4 baye Co G (3908 jome oloj 4 bgye (B8l jpxe lage o
5 2l Sy b g dlaw il o paaw EMolre w4 bgsye Conly Chows (63908 j9xe
ilosds 00l Ui s S5y b SMolro e
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Microsoft
correlation = -0.02948 107
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Microsoft
correlation = 0.13094
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5| — negatie count
— Stock close /

Nau
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Tesla
correlation = 0.10596
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g oS abelee il alil o dnd S SS S1 A8 o byl Syl sleedly
S ool 55 ol sl sl cnl 5l Qlsebl b Al oo 150 () )S Jebos
S5 &S 3, b backtesting.py lio ol > SisnsSS (gly oaliiwl 3590 Aluls
il (6359 codly Wb bl (pl 5 eolatwl (gly ASb o sl 3,8 albuls
et T oo Gl sl b e il S ol il gl il ol 5L
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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).,l jvon =)

—Cagi daxi By S oo JE 0 1) Ny g Ny 2 40 ¢35yl cus & SbH ol

Do o ylo yogyd Heiwd Wb Ny 3l yiin 2 sl

ploaw Molro (gl olaie gla 235 Ny 5 Ny (gl aliseo dlasl ) oolaw] & diwy
&b g Ooslel plews (slp My= B g M= & sliel b ciges laie a9 o0 ol laid g0
A3 o Ui Ty dges ol ol (A) JSS ccal 0 035 mess Md &S lulus] slaosls
@k @il Jto o3)lge ol o Molae (s3lymal (nl sl 0ad anule glayial)ly
1ilosd iy poi plUS 5 5205 ) &S Al go g (IR 9 3 g3l
Sloj o3k £95 g, :Start
ey o3k bk &b End
Sl o3l e Job :Duration
awaly g8 b 3 5 cumdge &5 Sloj oL IS5 caue,s :EXpPOSUre time
aloyw ol ,lade :Equity final
alopw Hlaie oy i (EQUIty peak
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 [§] 27173.827688
Return [%] 129.253758
Buy & Hold Return [¥] 495.,899875
Return {(Ann.) [%] 18.@8e412
Volatility (Ann.) [#] 33.355299
Sharpe Ratio 8.542855
Sortino Ratio 8.951525
Calmar Ratio 9.443312
Max. Drawdown [%] -4@.78485
Avg. Drawdown [%] -4.817662
Max. Drawdown Duration 480 days ©2:80:88
Avg. Drawdown Duration 33 days ©2:80:080
# Trades 141
Win Rate [%] 56.828360
Best Trade [%] 38.313972
liorst Trade [%] -17.192865

.dj)'[o/’g:.f).ﬁ' sl disad (gl (gode guls A S

90 59y 29 (ST Cpgo ar ] adlolae LIS (pizren 5 GleMbl ) (V) 13505 5
Caomd YLy Sl use 4 piY (V) heed D)50 10wl ol )l Cueld
278 939 Lol (99,5 9 03 LB (g Cuond 5> D9800 03 loj yope 4 (331
o Otales |y ol 5 29 blE 5 ot Cuosd Sig) IS Jlaged 55 pow Cuand 5 o1 L slize
a9 cute Sluwlusl b slacwsi dlaws coMolee woe cud b 4 55 (gm0 duw ABD
i e Gl edbgpe (Sloj 0y93 (b I) ite Clulusl b slacun g



® Peak (272%)
Final (129%)

Max Drawdown (-40.8%
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ol 04 0315 L (V) )lages ¢ (1) S 10 Cuiyi & dbgype (SIS

Start

End

Duration

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

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

Sortino Ratioc

Calmar Ratio

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

Win Rate [¥]

Best Trade [%]

Worst Trade [%]

2814-12-31 066:068:008
2019-12-36 00:00:00
1825 days 92:02:09
95.786963

456856, 268889
51422.953414
3568.56268%9
405.899a675
36.259565

38.53678

8.9489086

2.826967

1.862541
-34.125269
-3.622864

482 days ee:82:08
25 days ee:9e:08
48

66.666667
34.785444
-17.413381
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End

Duration
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Equity Final [$]
Equity Psak [%]
Return [#%]

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

Sortino Ratio

Calmar Ratio

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

Win Rate [%]

Best Trade [%]

Worst Trade [%]
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2814-12-31 ©&:86:80
2819-12-22 22:82:00
1825 days ©2:82:88
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Start 2814-12-21 22:80:00
End 2819-12-28 02:82:08
Duration 1825 days ©2:82:88
Exposure Time [%] 95.866455
Equity Final [%] 17994 ,4448%9
Equity Peak [$] 18816.927762
Return [%] 79.944440
Buy & Hold Return [%] 152.461892
Return (Ann.) [%] 12.488672
Volatility (ann.) [%] 25.83288832
Sharpe Ratio B.483345
Sortino Ratio B.7914564
Calmar Ratio B.51398%9
Max. Drawdown [3&] -24.381322
Avg. Drawdown [%] -4.806665
Max. Drawdown Duration 612 days ©2:82:88
Avg. Drawdown Duration 66 days ©92:88:88
# Trades 28
Win Rate [%] 75.8
Best Trade [#%] 23.669375
Worst Trade [#%] -12.776131
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Start 2814-12-31 ©0:068:08
End 2@19-12-32 68:0a:88
Duration 1825 days 9@:80:88
Exposure Time [%] 05.786963
Equity Final [$] 30978.803127
Equity Pzak [3$] 30978.803127
Return [%] 299.788931
Buy & Hold Return [%] 277.985626
Return (4nn.) [%] 31.99581
Volatility (Ann.) [%] 29.919164
Sharpe Ratio 1.869382
Sortino Ratio 2.284615
Calmar Ratio 1.744251
Max. Drawdown [%] -18.343124
Avg. Drawdown [%] -2.680861
Max. Drawdown Duration 178 days ©0:00:80
Avg. Drawdown Duration 28 days e@:80:80
# Trades 37
win Rate [¥] 62.162162
Best Trade [%] 23.993431
Worst Trade [%] -5.827166
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Start 2814-12-31 6e:00:80
End 2819-12-30 6@:080:08
Duration 1825 days ©@:02:80
Exposure Time [%] 98.937997
Equity Final [$] 22298.986752
Equity Peak [$] 22418.786831
Return [%] 122.989868
Buy & Hold Return [%] 86.457455
Return {&nn.) [¥] 17.426947
Volatility (Ann.) [%] 52.372593
Sharpe Ratio 8.332749
Sortino Ratio 2.621011
Calmar Ratio 8.327669
Max. Drawdown [%] -53.184664
Avg. Drawdown [X%] -11.11516%
Max. Drawdown Duration 483 days B6@:02:80
Avg. Drawdown Duration 65 days ©e:682:80
# Trades a8
Win Rate [%] 58.333333
Best Trade [¥] 28.6895625
Worst Trade [#%] -23.374733
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