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4- extWords < TOP_N_Similar(titleVectors,n,R™)
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6- fori=1to K do
7- x;[i] « number of tokens in totalExtWords € c;
8- end for

9- returnx;
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Date&time Ask Bid Close Open Trade

Volume

2018.05.15 1.19294 | 1.19296 | 1.19285 1.19286 39
01:59

2018.05.15 2:00 1.19286 | 1.19297 | 1.19286 ,1.19296 35
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Corpus Total news document Words count Size
ForexNews Dataset 40,341 63,612 50MB
EUR/USD News 2,860 13,638 5MB
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At | Accuracy F1
Macro

10 0.80 0.45
20 0.82 0.46
30 0.83 0.45
40 0.75 0.65
50 0.84 0.46
60 0.76 0.71
70 0.75 0.70
80 0.75 0.69
90 0.75 0.70
100 0.75 0.68
110 0.75 0.68
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Time interval | Number of news documents F1 Macro
2018-10-08 to 2019-03-26 1,600 0.49
2018-10-08 to 2019-05-17 1,950 0.56
2018-10-08 to 2019-07-02 2,300 0.69
2018-10-08 to 2019-08-22 2,650 0.71
2018-10-08 to 2020-02-07 2,860 0.71

Sgaib 25,0 Y0
Sl el ok 035051 3 ol e ) edal oty Slais oy g Jlasl U algndeg (o cduaih 0 g Sl sl &
el sl 4 0l wledes Jlest L1, XGBOOSt 5 slas K bty Sls s ceile duats aw sk oyl
s e 0Lz doazes 4w a3l 4 1, AUC/ROC jlas o500 ¥ IS ccl s 03 5051 conlgzin oy, sba bl
ol oslizel XGBOOSt suails 5 48 ol odal s Sloj s 0 g sl 0l 0305 OLES O sk 53 45 shailas

ol

G bl 5o alatil gudg ealis (gHldde 5 e Sl slaslk L) S

[=N)
02
—— Mean ROC SVM [AUC = 0.82, CV = 5
y —— Mean ROC Random Farest (AUC = 0.86 , CV =5 )
oo —— Mean ROC XGBoost (AUC = 0,87 . CV =5
oo 02 04 06 08 10

False Positive Rate
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F1 F1

Classifier AUC Accuracy Macro Micro

SVM 0.82 0.76 0.71 0.76
Random Forest 0.86 0.79 0.75 0.78
XGBoost 0.87 0.79 0.76 0.79
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EUR/USD News COrpus (esls 4s some 3 Jls 055 Jaw 520 F1SCOre gaslie — 0 Jsi

Model N Accuracy F1| F1 Micro
Macro

BoEC-word2vec Title | O 0.68 0.57 0.68
BoEC-word2vec Title | 3 0.66 0.51 0.66
BoEC-word2vec Title | 5 0.67 0.53 0.67
BoEC-word2vec Title | 7 0.67 0.52 0.67
BoEC-word2vec Title | 9 0.67 0.53 0.67
BoEC-word2vec title and content | O 0.76 0.75 0.76
BoEC-word2vec title and content | 3 0.76 0.76 0.76
BoEC-word2vec title and content | 5 0.78 0.76 0.76
BoEC-word2vec title and content | 7 0.79 0.76 0.79
BoEC-word2vec title and content | 9 0.77 0.76 0.76

\ Weighted average F1
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Model | AUC | Accuracy Macli;:l) F1 Micro
BoWw | 0.63 0.67 0.40 0.52
LSA | 0.63 0.70 0.40 0.54
Doc2vec | 0.65 0.70 0.60 0.66
BoEC | 0.87 0.79 0.76 0.79
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0.4 Less accurate area

True Positive Rate

Mean ROC BoEC-word2vec (AUC = 0.87)
Mean ROC BoEC-BERT (AUC = 0.87)
Mean ROC Doc2Vec (AUC = 0.65)

Mean ROC LSA (AUC = 0.63)

Mean ROC BoW (AUC = 0.63)
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False Negative Rate
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3545 pseie SC 5> Low, High, Open, pips, Trends, Levels, Pivot, Point L slls s, s ol sas

A3l e ool Olgy alas palie b 5 UG L e SlalS 08 8 15 4 o Lo slesl

Ol s )3 ol (guad = (glaells -V s

# Words
1 Hours, minutes, Monday, month, overnight, Thursday, today, week, yesterday
2 Low, High, Open, Last, pips, Trends, Levels, Pivot, Point, Pervious,
3| Moment, index, gold, Nikkei, metal, Asia, ,Jones, Street, equity, Dow, Nasdaq
4 | Cycle, policy, interest, rat, Federal, Reserve, Fed, rate, hike, monetary, ECB,

curve, Bank, Committee

5| Consumer, Confidence, Survey, MoM, YoY, Monetary, United, Kingdom,
Japan, Australia, France

6 | Analysis, Bulls, bear, break, trendline, breakout, uptrend, upper, candle,
downtrend, Fib, descend

7 | Conference, Commission, Reuters, official, White, President, Donald, Trump,
Washington, Huawei

8 | Wells, Danske, Rabobank, Nordea, Nomura, FXStreet, Bednarik, Commerzbank,
Scotiabank, UOB

9 | Octobers, disaster, pgrowth, momentumin, roof, groundwork, homeowners,
validity, underbelly ,fend

10 | European, GBPUSD, UK, May, Italian, Brexit, GBP, Euro, vote, Pound, Sterling,

EURGBP, British

11 | Wake, space, dent, Australian, appetite, reaction, heavily, backdrop, upbeat,

always, persistent,

12 | USDJPY, USDCHF, cross, DXY, WTI, AUDUSD, NzZDUSD, GBPJPY,

USDCAD, EURJPY, YTD

13 | Expansion, consistent, consumer, spend, increase, energy, production, job, earn,

activity, industrial

14 | Losses, worst, reverse, drop, weakest, lowest, decline, higher, lower, jump,

highest, pick, hover,




15 | eventually, safehaven, Loonie, assist, act, bout, capitalize, status, combination,
build, upmove

16 | Accept, possible, approve, leaders, Cabinet, proposals, Brussels, Brexiteers,
Ireland, prepare, decide

17 | Limit, challenge, need, find, period, still, stick, keep, cenario, rsquo, leave, intact,
approach, suggest

18 | Earlier, When, Oil, Market, Joint, OPEC, Ministerial, Monitoring, JMMC,
compliance, original, group

19 | Bearish, momentum, bias, technical, overbought, negative, indicators, oversold,
slop, Momentum

20 | Japanese, improve, Yen, assets, flow, tone, news, incoming, elevate, heighten,
broad, light, softer
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