Chapter 1: Machine Learning for Trading

1

Graphics

' 4 I 'd ™
PIT Data Management Alpha Factors Portfolio Optimizer
Market .V
D w Ft.aature-r 4 Trade Signals (¢ ) s
ata N Engineering an
Alternative v- Predictive Order List
Data w‘, Models
\—/
b . J . /
Research Execution




Chapter 1

Graphics

Market and Fundamental Data

Chapter 2

% of Traded Value

B 7aw
m g9
B NOTY
B WA
H Xgd
B YlHD
W WOD0
B dHIW
W XN4ds
L R}
L_Nap|D]
B ysay
L IREA ]
[ dXN
W ¥X0d
| |SOd
W NNAM
W d3d
W OdS|
YN
L Ah AR
M Hs1D
B NOWY
N g3
. YSOND
N nag
. Dg4id
L =l=le))
. Oy
I dAd
ALY
. D
E ONNE
H | SOD
EEE OOAY
LWl
I S
—— O
I 0000
00
P
AN
I | SN
I D | N|
I 0000

v
(%)
5]

@

AAPL | 2018-03-29 | Buy & Sell Limit Order Book | Depth = 100

172

Limit Order Price Distribution

Buy
Sell

2,500

2,000

170
169
168
167
$168  $169  $170  $171  $172

$167

(=3
o
n

1,500

=}
S
=
—
S

(000,) sa1ey

15:00

13:36

12:13

10:50

09:26

Price

[2]




Graphics Chapter 1

AAPL | 2018-03-29
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WTI Crude Oil Price
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Chapter 3: Alternative Data for Finance
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Period Wise Return By Factor Quantile
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Chapter 5: Strategy Evaluation
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Chapter 6: The Machine Learning Process
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Bias - Variance Tradeoff: Under vs. Overfitting
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Validation Curve for KNeighborsRegressor
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Learning Curve for KNeighborsRegressor
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Chapter 7: Linear Models

OLS Regression Results

Dep. Variable: Y R-squared: 0.779
Model: 0LS  Adj. R-squared: 08.778
Method: Least Squares F-statistic: 1895,
Date: Mon, €3 Sep 2818 Prob (F-statistic): 1.85e-204
Time: 17:38:41 Log-Likelihood: -3332.6
No. Observations: 625  AIC: 6671,
Df Residuals: 622 BIC: 6685,
Of Model: 2
Covariance Type: nonrobust

coef std err t P=|t] [@.825 8.975)
const 58,9371 2,087 25.376 0,806 46,9495 54,879
X1 1.8813 @.8e7T 16,185 6.88a 9.950 1.212
X 2 2.9328 0,867 43,968 0,808 2.802 3,864
Omnibus: 8.267 Durbin-Watson: 2.148
Prob(Dmnibus): 8.875 Jargue-Bera (JB): 08.196
Skew: 8.649 Prob{JB): @.9a7
Kurtosis: 3.832 Cond. MNo. 36.8
Warnings
[1] Standard Errors assume that the covariance matrix of the errors 1s correctly specified.
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—=100
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LinearFactorModel Estimation Summary
No. Test Portfolios: 17 R-squared: 0.6943
No. Factors: 6 J-statistic: 19.155
No. Observations: a5  P-value 8.68584
Date: Wed, Oct 31 20818 Distribution: chi2 (11}
Time: 15:15:52
Cov. Estimator: rabust
Risk Premia Estimates
Parameter 5Std. Err. T-stat P-value Lower CI Upper CI

Mkt -RF 1.2446 B.3928 3.1689 8.8015 B.4748 2.0144
SMB B.0874 B,7855 0.8185 8.9917 -1.3753 1.3961
HML -0.6978 B.5334 -1.3067 8.1913 -1.7424 0.3484
RMw -8.2558 0.6888 -8.3713 8.7184 -1.6057 1.0942
CMA -@.3086 0.4737 -8.6515 8.5147 -1.2371 B0.6198
RF -8.08133 a.8132 -1.8092 8.3129 -8.8393 B.8126
Covariance estimator:
HeteroskedasticCovariance
See full summary for complete results
ai Indcemabion CoefTioseni
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Logit Regression Results
Dep. Variable: target No. Observations: 198
Model: Logit Df Residuals: 185
Method: MLE Df Model: 12
Date: Mon, 10 Sep 2018 Pseudo R-squ.: 0.5022
Time: 20:27:53 Log-Likelihood: -67.907
converged: True  LL-Null: -136.42
LLR p-value: 2.375e-23
coef std err z P=|z| [@.025 0.975]
const -8.5881 1.908 -4,502 0.008 -12.327 -4,849
realcons 130.1446 26.633 4.887 0.000 77.945 182.344
realinv 18.8414 4.853 4.648 0.0688 10.897 26. 786
realgovt -19.60318 6.010 -3.166 0.002 -30.812 -7.252
realdpi -52.2473 19,912 -2.624 f.e69 -91.275 -13.220
ml -1.3462 6.177 -p.218 B.827 -13.453 108.761
thilrate 60,8607 44,350 1.372 f.178 -26.063 147.784
unemp 0.9487 0.249 3.818 f.000 0.462 1.436
infl -60.9647 44,362 -1.374 0.169 -147.913 25.984
realint -61.08453 44,359 -1.376 8.169 -147.987 25.896
quarter_ 2 B.1128 0.618 0.182 0.855 -1.099 1.325
quarter 3 -B.1991 0.609 -0.327 0.744 -1.393 @.995
guarter 4 0.e067 0.608 8.001 B .999 -1.191

1.192
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Chapter 8: Time Series Models

wo- Original
80 -
B0 -
100 - —— Trend
80 -
B0 -
. A
o \lvh lf»ﬂ ruu \M ﬂuﬁh “f m Hﬂ.mﬂlm \r; va w lfyﬂ
' '||H|I' ” I H H ”||M
=2 - I | I — Seasonallty
2- —— Residual
-
_2 -
o o o a0 o e 7
DATE
NASDAQ Composite Index Industrial Production: Manufacturing
- ADF:0.9928 ADF: 0.4912
6000 - 100 -
@ 4000 - 3
= e
2000 -
50 -
D - I - " \ \ MU " A I S N — —
9-
ADFI: 0.6837 4 . ADF:0.4354
8-
[=2] o 44 -
8 - k|
42 -
G-
£ o1-
01- ADF:0.0000 a ADF: 0.0230
4= T g0-
a é 00
& 00- m
5 & -01-
-01-, ; ‘ ! ‘ ; ; ; R ________
o o o e o2 & e e 1989 1994 1999 5 :_0;4 2009 2014 2019

DATE

[27]



Graphics Chapter 1
NASDAQ Composite (Log, Diff)
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Statespace Model Results

Dep. Variable: IPGMFN  No. Observations: 348
Model: SARIMAX(2, O, 3)x(1, 0, 0, 12) Log Likelihood 1139.719
Date: Sat, 22 Sep 2018 AIC -2265.438
Time: 17:48:17 BIC -2238.472
Sample: 01-01-1989  HQIC -2254.702
- 12-01-2017

Covariance Type: opg

coef std err z P> z| [0.025 0.975]
ar.L1 1.4934 0.104 14.351 0.000 1.289 1.697
ar.L2 -0.5159 0.102 -5.083 0.000 0.715 0.317
ma.Ll -0.5499 0.114 -4.813 0.000 0.774 0.326
ma.L2 0.2872 0.062 4,662 0.000 0.166 0.408
ma.L3 0.1815 6.070 2.589 0.010 0.044 0.319
ar.5.L12 -0.4486 0.047 9.533 0.000 -0.541 -0.356
sigma2 8.141e-05 5.65e-06 14.399 0.000 7.03e-05 9.25e-05
Ljung-Box (Q): 61.58 Jarque-Bera (JB): 9.97
Prob(Q): 0.02 Prob(JB): 0.01
Heteroskedasticity (H): 1.07  Skew: -0.20
Prob(H) (two-sided): 0.71 Kurtosis: 3.73
Warnings:

[1] Covariance matrix calculated using the outer product of gradients (complex-step).
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Residuals
Probability Plot
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Constant Mean - GARCH Model Results
Dep. Variable: NASDAQCOM R-squared: -0.001
Mean Model: Constant Mean Adj. R-squared: -0.001
Vol Model: GARCH Log-Likelihood: -7484.02
Distribution: Normal  AIC: 14980.0
Method: Maximum Likelihood BIC: 15019.0
No. Observations: 4852
Date: Sun, Sep 23 2018 Df Residuals: 4846
Time: 15:43:41 Df Model: 6
Mean Model
coef std err t P>t 95.0% Conf. Int.
mu 0.0521 1.491e-02 ~3.49]1 4.804e-04 [2.284e-02,8.130e-02]
Volatility Model
coef std err t P=|t]| 95.0% Conf. Int.
omega 0.0196 8.287e-03 2.365 1.804e-02 [3.354e-03,3.584e-02]
alpha[l] 0.0247 1.470e-02 1.678 9.340e-02 [-4.148e-03,5.346e-02]
alpha[2] 0.0627 2.19%e-02 2.853 4.324e-03 [1.962e-02, 0.106]
beta[l] 0.5648 0.181 3.120 1.806e-03 [ 0.210, 0.920]
beta[2] 0.3337 0.180 1.853 6.393e-02 [-1.932e-02, 0.687]
Covariance estimator: robust

Univariate Time Series

ARMA-Models
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/

oo (xt.z]—b[xt.,]
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X
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Statespace Model Results
Dep. Variable: ["ip". 'sentiment’] MNo. Observations: 480
Model : VARMA(L,1) Log Likelihood -68.938
+ intercept  AIC 163.875
Date: Sun, 23 Sep 2018 BIC 218.134
Time: 17:53:02 HOQIC 185.203
Sample: Li]
- 480
Covariance Type: opg
Ljung-Box (0Q): 129.82, 165.15 Jarque-Bera (JB): 140.59, 16.05
Prob(Q): 0.00, 0.00 Prob(JB): 0.00, 0.00
Heteroskedasticity (H): 0.47, 1.18  Skew: 6.19, 0.21
Prob{H) (two-sided): 0.00, 0.55 Kurtosis: 5.62, 3.79

Results for equation ip

coef std err z P=|z| [0.025 0.975)
const 0.0016 0.001 2.531 6.011 0.000 0.003
Ll.ip 0.9276 0.010 95.539 0.000 0.909 0.947
Ll.sentiment 0.0006 5.92e-05 10.283 0.000 0.000 6.001
Ll.e{ip}) 0.06095 0.837 0.259 0.796 0.062 6.081
Ll.e(sentiment) 0.0001 0.000 -0.836 0.403 0.000 0.000
Results for equation sentiment
coef std err z P=|z| [0.025 0.975]
const 0.3773 0.272 1.388 0.165 0.155 0.910
Ll.ip -14.5753 5.375 -2.712 0.007 25.109 4.041
Ll.sentiment 0.8795 0.023 37.840 0.000 0.834 6.925
Ll.e{ip}) 40.2063 18.695 2.151 6.032 3.565 76.847
Ll.e(sentiment) 0.0411 0.051 0.800 0.424 0.060 0.142
Error covariance matrix
coef std err z P=|z| [B.825 06.975]
sqrt.var.ip 0.0128 0.000 41.131 0.000 0.012 0.013
sgrt.cov.ip.sentiment 0.0309 06.229 0.135 0.893 -0.418 0.480
sgrt.var.sentiment 5.2713 0.147 35.759 0.000 4.982 5.560

Warnings:

[1] Covariance matrix calculated using the outer product of gradients (complex-step).
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Industrial Production - Diagnostics
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Chapter 9: Bayesian Machine Learning
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Chapter 10: Decision Trees and Random
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Method: Least Squares F-statistic:
Date: Fri, 28 Sep 2018 Prob (F-statistic):
Time: 17:26:54 Log-Likelihood:
No. Observations: 174551 AIC:
Df Residuals: 174548 BIC:
Df Model: 2
Covariance Type: nonrobust

coef std err t P>|t|
const 0.0088 6.000 65.281 0.000
t-1 8.1466 8.002 61.319 0.808
t-2 -9.08373 9.002 -15.555 0.000

Omnibu 427.873 Durbin-Watso
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Cross-Validation Results Learning Curve

0.62 ‘ 2° 0.62
e ———
0.60 : 27 061
‘ . 060
0.58 i
. : 2 o 0.59
D 056 | I
= : 2 = 0.58
&) [S)
g 0.54 : 24 8 057
l . 0.56
0.52 | 2
o I 0.55 ..
+— Training ! P’ —— Training
050 Lulti | 2 - i
,/— Validation | ) —— Validation
048 ' ‘ ! 0.5
5 10 15 20 252 30,000 40,000 60,000 80,000 100,000 120,000 140,000 160,000
Max. Depth Train Size
Bias-Variance Breakdown
- Decision Tree Bagging Regressor
20 Fa i Bias: 0.03% B Bias: 0.03%
Variance: 2.43% . " k Variance: 1.29%
15

1,‘_,.1“.»....4.@-

e

— Eias

0.07 — Vanance
Moise

'llll\h i
| h h |
I h _ |

!.I“« ._,'Iq.f | ™ 'JI J-ILM |

0.04 |]\F
Iﬂ\ | r
AT
‘L.-"' M| ™
‘l‘hf\

/|
R
) L -
ooz W ' PGL M \ A A A AN A An
001 VW | Wnd W W Vi W _/V’\J'“v/ L N NPT
|
0.00 (N (N R O - | SN, N S

-3 -2 -1 o 1 2 -3 -2 -1 o 1 2

&

¥ [}

[41]



Graphics

Chapter 1

Feature Sampling

_—

AN

..............................

................................

B g

R SRR

................................

Threshold T;

Feature i
Threshold T;

B\ .
=

Avérae Predictions

! !

Randomize tree
growth to de-
correlate
prediction errors
and reduce
model variance

,_..
ed 2 G L1 I el LN LD 200 o 0L L i

ol

-
m
3 o
o =
28
=
=

mont H_

=
(=
o

o
=
(]
o
=
e

0.06 0.08 0.10

0.1z 0.14

[

42]



Graphics

Chapter 1

Chapter 11:

Gradient Boosting Machines
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Gradient Boosting Classifier
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OLS Regression Results
Dep. Variable: valid R-squared: 0.687
Model: OLS Adj. R-squared: 0.673
Method: Least Squares F-statistic: 26.94
Date: Wed, 24 Oct 2018 Prob (F-statistic): 7.92e-55
Time: 14:03:45 Log-Likelihood: 1018.7
No. Observations: 396 AIC: -2001.
Df Residuals: 378 BIC: -1930.
Df Model: 17
Covariance Type: HC3

coef std err z P>|z| [0.025 0.975]
const 0.6145 0.005 127.970 0.000 0.605 0.624
boosting gbtree 0.0056 0.002 2.866 0.004 0.002 0.009
learning rate 0.1 0.0501 0.003 18.977 0.000 0.045 0.055
learning rate 0.3 0.0516 0.003 19.150 0.000 0.046 0.057
max_depth 4 0.0060 0.005 1.094 0.274 -0.005 0.017
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max_depth 9 0.0266 0.005 5.176 0.000 0.017 0.037
max_depth 10 0.0307 0.005 5.954 0.000 0.021 0.041
max_depth 11 0.0285 0.005 5.484 0.000 0.018 0.039
max_depth 12 0.0312 0.005 6.178 0.000 0.021 0.041
max_depth 13 0.0320 0.005 6.218 0.000 0.022 0.042
colsample bytree 0.8 -0.0112 0.003 -4.143 0.000 -0.017 -0.006
colsample _bytree 1.0 -0.0278 0.003 -8.388 0.000 -0.034 -0.021
min gain to split 1 -0.0009 0.003 -0.307 0.759 -0.006 0.005
min gain to split 5 -0.0016 0.002 -0.726 0.468 -0.006 0.003
Omnibus: 11.763  Durbin-Watson: 0.856
Prob(Omnibus): 0.003 Jarque-Bera (JB): 11.104
Skew: -0.361 Prob(JB): 0.00388
Kurtosis: 2.609 Cond. No. 17.1
Warnings:

[1] Standard Errors are

heteroscedasticity robust (HC3)
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Partial Dependence by 1- and 3-months returns
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SHAP Values: Impact on Output Magnitude

| .
voor_z017 [ 2
r_2017 -—
B o
! return_1m
msize_-1 ——ee.
return_12m
1 return_12m
reurn_o_v1+ [
return_1m_t-1
momentum_S
mamentum_9
1 month_12
1 month_11
o2 [
1 manth_2
- month_10 T
e I retumn_1m_t-5 g
'Y
otam_sm o
momenvun_2 I I
year_2006 [ yoar_2008
mie« ket
reium_i‘m- return_2m
! _
rmoni o [ monn_8
1
vear_2010 [N year_2010
1
year_2015 _ year_2015
return_1m_t-3 _ return_1m_t-3
0.000 0025 0.050 0.078 0.100 0125 050 0175 02 -0 08 06 -04 -02 oo 0.2 0.4 s
mean(|SHAP value|) (average impact on model output magnitude) SHAP value (impact on model output)
higher = lower
base value output value
-1.062 -0.8621 -0.6621 -0.4621 -0.0621 0.1379 0.3379 053060 07379 0.9379 138 1.338

month_12 =0 ' month_7 =0 ' capital_goods =1 | year_2008 =0 year_2007 =0 [ msize_-1=0 [ month_10=1 'year_2017 =1 return_1m_t-1 = 0.1968 ' year_2004 =0

[50]




Graphics

put valus

out

sample order by similarity v

300 400 500 600
' '

SHAP value Tor

o4

oz

o
=

urm_1m
&
et

L
&
=

48

Imteraction betwesen 1- and 3-Month Retums

63 4% - @ dn [F] o3 T
medurm_1m

oos

Qs

L]

ooz

L]

=002

=004

-0 06

mefum_3m

[51]




Graphics

Chapter 1

Chapter 12: Unsupervised Learning
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Ellipse in 2D - Loss of Information: 0.58%
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Explained Vvariance Ratio by Top Factors Lo- Cumulative Explained Variance
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Chapter 13: Working with Text Data
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Chapter 14: Topic Modeling
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Chapter 15: Word Embeddings
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