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Chapter 3: Alternative Data for Finance — Categories
and Use Cases
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1%
Credit/Debit Card Email Receipt S
7% N\ 7%
App U - Geolocation  Web Traffic - Credit/Debit Card
e “:; —\' ‘ 28% 14% : - 28%
Least
Web Traffi Most Accurate
b e Accurate / . /
10% ) Insightful
Insightful
Other ;
24%
\ Satellit
Other —_— — e \ ‘Web Data (scraping)
19% 22% 27%

Alternative Data Usage

43%
38% 6% 155
33% 315
29%
24%
I i

Web Data (scraping)  Credit/Debit Card Social Sentiment Other App Usage Web Traffic Satellite Geolocation Email Receipt

Bronx 42% 0.2% 500 _ .
Widtowm East 29.4% 16.6% 475
2
\ 10 .
Midiown West 27.3% 10.1% 450 .
Upper East Sid 27.3% aT%
o o -
& Wilamsbury 14.7% 8.1% = 3 M
= = 400 2
& CastVilage 13.2% 59% 2 : g,
5 10 s
EXL]
Upper West Side 18.7% 4.0% ' : e, .
T
Harlam &% 0% 350 e : + . e sle
s
Astoria 10.0% 7.9% 375 : * ssesse
+ *
Chelsea 21.9% 4.5% 300 + + 10 e Y
3 4 2 3 I 300 325 350 375 400 425 450 475 500
Price

H
g



Chapter 4: Financial Feature Engineering — How to
Research Alpha Factors

Research Execution
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Kalman Filter vs Moving Average
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Log Cumulative Returns
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Chapter 5: Portfolio Optimization and Performance
Evaluation
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Chapter 6: The Machine Learning Process
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Receiver Operating Characteristic
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Chapter 7: Linear Models — From Risk Factors to
Return Forecasts

f(x) Gradient descent with a single variable
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OLS Regression Results

Dep. Variable: Y R-squared: 0.791
Model: OLS Adj. R-squared: 0.790
Method: Least Squares  F-statistic: 1176.
Date: Thu, 14 Nov 2019 Prob (F-statistic): 4.33e-212
Time: 18:58:15 Log-Likelihood: -3309.2
No. Observations: 625  AIC: 6624,
Df Residuals: 622 BIC: 6638.
Df Model: 2
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 53.2923 1.934 27.561 0.000 49.495 57.089
X1 0.9904 0.064 15.390 0.000 0.864 1.117
X2 2.9600 0.064 45,996 0.000 2.834 3.086
Omnibus: 0.267 Durbin-Watson: 2.148
Prob(Omnibus): 0.875 Jarque-Bera (JB): 0.149
Skew: 0.014 Prob(JB): 0.928
Kurtosis: 3.071 Cond. No. 30.0
Warnings:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
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No. Test Portfolios: L7/ R-squared: 0.6944
No. Factors: 6 J-statistic: 19.501
No. Observations: 95 P-value 0.0527
Date: Thu, Nov 14 2019 Distribution: chi2(11)
Time: 19:34:04
Cov. Estimator: robust
Risk Premia Estimates

Parameter Std. Err. T-stat P-value Lower CI Upper CI
Mkt -RF 1.2436 0.3928 3.1662 0.0015 0.4738 2.0135
SMB -0.0049 0.6993 -0.0070 0.9945 -1.3754 1.3657
HML -0.6882 0.5360 -1.2838 0.1992 -1.7388 0.3625
RMwW -0.2373 0.6729 -0.3527 0.7243 -1.5562 1.0815
CMA -0.3181 0.4633 -0.6865 0.4924 -1.2261 0.5900
RF -0.0133 0.0132 -1.0026 0.3161 -0.0392 0.0127

Covariance estimator:
HeteroskedasticCovariance
See full summary for complete results
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Daily Information Coefficients
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Logit Regression Results

195
Daily IC

200 205

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| [0.025 0.975]

const -8.5881 1.908 -4.502 0.000 -12.327 -4.849
realcons 130.1446 26.633 4.887 0.000 77.945 182.344
realinv 18.8414 4.053 4.648 0.000 10.897 26.786
realgovt -19.0318 6.010 -3.166 0.002 -30.812 -7.252
realdpi -52.2473 19.912 -2.624 0.009 -91.275 -13.220
ml -1.3462 6.177 -0.218 0.827 -13.453 10.761
tbilrate 60.8607 44.350 1.372 0.170 -26.063 147.784
unemp 0.9487 0.249 3.818 0.000 0.462 1.436
infl -60.9647 44.362 -1.374 0.169 -147.913 25.984
realint -61.0453 44.359 -1.376 0.169 -147.987 25.896
quarter 2 0.1128 0.618 0.182 0.855 -1.099 1.325
quarter_ 3 -0.1991 0.609 -0.327 0.744 -1.393 0.995
quarter 4 0.0007 0.608 0.001 0.999 -1.191 1.192
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Chapter 8: The ML4T Workflow — From Model to
Strategy Backtesting

The ML4T Workflow
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Zipline Architecture
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make_ml_pipeline() => Pipeline

LinearModel(CustomFactor)

e _train_model()
* compute()

features
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® Returns_39W
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e Trendline
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Chapter 9: Time-Series Models for Volatility
Forecasts and Statistical Arbitrage
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Statespace Model Results

Dep. Variable: IPGMFN  No. Observations: 348
Model: SARIMAX(2, 0, 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.Ll 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.lLl -0.5499 0.114 -4.813 0.000 -0.774 -0.326
ma.lL2 0.2872 0.062 4.662 0.000 0.166 0.408
ma.lL3 0.1815 0.070 2.589 0.010 0.044 0.319
ar.S.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).

SARIMAX (2. 0, 3) x (1, 0, 0, 12) | Model Diagnostics
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NASDAQ Daily Volatility

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: -7244 .08
Distribution: Normal  AIC: 14500.2
Method: Maximum Likelihood  BIC: 14539.1
No. Observations: 4851
Date: Thu, Apr 16 2020 Df Residuals: 4845
Time: 22:41:39 Df Model: 6
Mean Model
coef std err t P>|t] 95.0% Conf. Int.
mu 0.0526 1.416e-02 3.714 2.043e-04 [2.484e-02,8.036e-02]
Volatility Model
coef std err t P>t 95.0% Conf. Int.
omega 0.0270 1.047e-02 2.574 1.005e-02 [6.430e-03,4.748e-02]
alpha[1l] 0.0350 1.581le-02 2.215 2.678e-02 [4.027e-03,6.601e-02]
alpha[2] 0.0581 3.943e-02 1.473 0.141 [-1.919-02, 0.135]
beta[1] 0.8675 0.535 1.622 0.105 [ -0.181, 1.916]
beta[2] 0.0179 0.495 3.618e-02 0.971 [ -0.952, 0.987]

Covariance estimator: robust
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Statespace Model Results

Dep. Variable: ['ip', 'sentiment'] No. Observations: 468
Model: VARMA(1,1) Log Likelihood -71.870
+ intercept  AIC 169.741
Date: Thu, 16 Apr 2020 BIC 223.671
Time: 22:55:23  HQIC 190.962
Sample: 0
- 468
Covariance Type: opg
Ljung-Box (Q): 127.93, 161.51 Jarque-Bera (JB): 128.70, 17.04
Prob(Q): 0.00, 0.00 Prob(JB): 0.00, 0.00
Heteroskedasticity (H): 0.48, 1.10 Skew: 0.19, 0.21
Prob(H) (two-sided): 0.00, 0.57 Kurtosis: 5.54, 3.83
Results for equation ip
coef std err z P>|z| [0.025 0.975]
intercept 0.0015 0.001 2.401 0.016 0.000 0.003
Ll.ip 0.9284 0.010 93.628 0.000 0.909 0.948
L1.sentiment 0.0006 6.03e-05 10.059 0.000 0.000 0.001
Ll.e(ip) 0.0116 0.037 0.311 0.756 -0.062 0.085
Ll.e(sentiment) -9.925e-05 0.000 -0.814 0.415 -0.000 0.000
Results for equation sentiment
coef std err z P>|z]| [0.025 0.975]
intercept 0.3374 0.279 1.208 0.227 -0.210 0.885
Ll.ip -14.3677 5.450 -2.636 0.008 -25.049 -3.687
Ll.sentiment 0.8801 0.023 37.598 0.000 0.834 0.926
Ll.e(ip) 39.6834 18.798 2.111 0.035 2.839 76.528
Ll.e(sentiment) 0.0509 0.052 0.983 0.326 -0.051 0.152
Error covariance matrix
coef std err z P>|z]| [0.025 0.975]
sqrt.var.ip 0.0129 0.000 40.298 0.000 0.012 0.014
sqrt.cov.ip.sentiment 0.0368 0.231 0.159 0.873 -0.416 0.489
sqrt.var.sentiment 5.2738 0.148 35.519 0.000 4.983 5.565

Warnings:

[1] Covariance matrix calculated using the outer product of gradients (complex-step).



Industnial Production - Diagnostics
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Chapter 10: Bayesian ML — Dynamic Sharpe Ratios

and Pairs Trading
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Mutual Information between Indicators and Recession by Lead Time
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Yield Curve: P(0.011 < Cdds Rafio < 0.078) = 0.99
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Chapter 11: Random Forests — A Long-Short
Strategy for Japanese Stocks
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OLS Regression Results

Dep. Variable: y R-squared: 0.6801
Model: OLS Adj. R-squared: 0.601
Method Least Squares F-statistic: 39.02
Date: Wed, 22 Apr 2020 Prob (F-statistic): 1.17e-17
Time: 19:18:07  Log-Likelihood: 56967.
No. Observations: 56186  AIC: -1.139¢+05
Df Residuals: 56183 BIC: -1.139e+05
Df Model: 2
Covariance Type: nonrobust
coef std err t P>\t [0.025 0.975)
const 0.0088 0,000 23.412 0.000 0.008 0.009
t 0.0327 0.004 7.761 0.000 0.024 0.041
t-2 -0.0187 0.004 4.437 0.000 0.027 0.010
Onnibus: 2103.126  Durbin-Watson: 1.9
Prob{Omnibus): 0.000 Jarque-Bera (JB): 6483.607
ew i 0.018 Prob(JB): 0.
Kurtosis: 4.664 Cond. No. 11.5
: : Decision Surfaces
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# Leaf Nodes by Max. Tree Depth

3500
o]
3000 r-;[l % é
«» 2500 % é
@
k]
Z 2000 o ©
©
7]
—
G 1500
£ %
£
3 1000 % % &
500 % ?
=
0 —— o —©%
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Max.Depth
Regression Tree Train-Validation Scores Classification Tree
Data 0as Data
04 - — Teain — Tain
alid alid /
080
03 075
L 0T
a2 2
9 085
&
a1 060
055
ao .
050
o1 045
2 4 6 8 0 12 4 2 4 8 a n 2 “
Max. Depth Max. Depth
Learning Curves
Best Regression Tree Best Classification Tree
Data
0.25 - — Train
‘\-———'\__\___/\ 0.70 —— \valid
020 T
015 0.65 -
E]
010 =
5] © 060
g
005
0.55
0.00
oo I?:ta 050 /\/”_—\/\/
— valid
-0.10
5,000 10,000 15,000 20,000 25,000 5,000 10,000 15,000 20,000 25,000

Train Size Train Size



Regression Tree
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Chapter 12: Boosting Your Trading Strategy

AdaBoost

Metric = Accuracy Metric = AUC Metric = Log Loss
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Gradient Boosting Classifier
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OLS Ceefficients & Confidence Intervals
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SHAP Values: Impact on Qutput Magnitude

High
roc, I, - = e ———
veor vear e R e
— okt . el
o> I s = —l—==
waco waco .
o I o Lo ]
o I o . e
roes [ riDdec .
rd2dec _ rd2dec —*— .
oscec [ s 4 i
nar [ NATR ..-—- . . é
2icec [ 21dec - -
rro [ PPO +-. ot
2 [N 42 ..._ "
reace [ r63dec -‘-
sector I sector . "+
vb_high [ B_high ..._.
21 [l 21 [T +
rorce: [l r1dec . +-
ey | ATR —+
H 0 ; - : " . - ' . . . " . . Low
2 moan(SHAP valuel) (average Impac on model ouput magnitude) oo oy ofon ool 0k ot Lz a0k
higher = lower
base value output value
-1.062 -0.8621 -0.6621 -0.4621 -0.2621 -0.0621 0.1379 0.3379 0.5270.60 07379 0.9379 1.138 1.338

NN

- I CCOCC

— T r =
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

sample order by similarity v

500 600 700 800 900
' ' '

1] 100 200 300 400
' ' '

5.1384
4,138
3.138

s 21384

output value




SHAFR value for

0.010 -
0.005 004
[ _
0.000 - . . . 0.02
- . . e 0 ® L
- - L]
o .
2 0.005 T -000 3
-
-0.010 - L - —0.02
—0.0135 - .04
015 -010 -005 000 005 010 015

01

Cumulative Returns - In and Out-of-Sample

Relling Sharpe Ratio (3 Months)

,&\%ﬁﬁ ,ﬁ\‘f@ ,ﬂ«bm\ ,ﬁ'@’a& ,p'&mg .LQ\"'“« ,ﬂ'ﬂm& tﬁ\.\n@ 1;\\5’“\



Information Coefficient

Return (bps)

Information Geeficient for HF Features (1-min forward returns)

15.0
124

10.0

RETIMIN RET2MIN RET3MIN RET4MIN RETSMIN RETEMIN RET7MIN RETSMIN RETAMINRET10MIN STOCH ROOWN  DOWN uP MFI BOFRADES_BID_ASKCI RUP  STOCHRSI

-
o

o
o

~
o

Awvg. 1-min Return by Signal Decile Cumulative Return by Decile

03 0%
0.z

40%
. M I

20%
0o | —+ -

c
3
2
— = £
%
01
20%
02
1 2 3 4 5 6 7 8 9 10 W -] N G W N -] 1
Decile ,ﬂ,\@qh 'ﬁ“‘ﬂy\ e 0\1/&\ o 0 @\1:\""\ @\15@ o Ea @\ﬁ‘a\n
* -



Chapter 13: Data-Driven Risk Factors and Asset
Allocation with Unsupervised Learning
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The number of features required to keep average distance constant grows exponentially with the number of dimensions.
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Singular Value Decomposition, Step by Step
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Chapter 14: Text Data for Trading — Sentiment
Analysis
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Chapter 15: Topic Modeling — Summarizing
Financial News
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Chapter 16: Word Embeddings for Earnings Calls

and SEC Filings
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Chapter 17: Deep Learning for Trading
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Synthetic Classification Data
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Chapter 18: CNNs for Financial Time Series and
Satellite Images
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Indicator Mame Formula

Relative Strength Index (RSI) Oscillates in [0, 100] range: below 30: oversold, over 70: overbought See Chapter 4
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Chapter 19: RNNs for Multivariate Time Series and
Sentiment Analysis
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Cell State

Update Gate

LSTM Equations
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Chapter 20: Autoencoders for Conditional Risk
Factors and Asset Pricing

Encode Decode
4 | o %
6 O © &
J O @ o & @
4 |o o o o @
3 O © o & @
El O © & @
o
7 O ©
Input Layer Hidden Layers Output Layer
Fashion MNIST Samples

TRNEON{ N

Sandal Shirt Sneaker Bag Ankle boot

NNAMNNNEARRS



Original and Reconstructed Images




Originals, Corrupted and Reconstructed Images

# of Stocks per Week # of Observation per Stock Characteristic
160
3500 T
140
3000
120
o 2500
100 8
7)5 2000
o i
£ 1500
w *
1000
40
500
o
o L

1000 1500 2000 2500 000 3500

R e e S S O ot N WP A - S S)
# of Obssrvations T e e o e o @ ot T o W0 d

o

Characteristic

Asset Returns
Output Layer
(Nx1) T

| Dot Product

Beta Output Layer !

Factor Qutput Layer
N Asset:
NXK) (= sets Kx1)
Hidden Layer(s)
Input Layer 2
P managed Portfolios
Input Layer (Px1)
N Assets
(NxP) OR
N Assets
(Nx1)

P Asset Characteristics

Factor Loadings Factor



Cross-Validation Performance (2015-2018)
5 Factors & Faciors

2 Faciors 3 Factors 4 Faztors

1€ {10-apcen rolling maan)

nots

i
ﬂ‘\'|| W1 N

a,/ SR J'\W\" I
A

T
AT L S
e

0005

f
L‘\tf‘ i

oo

Ah
VMV
agos v WAL A

12, Dty Vician £ -s0ch rofing mean)

150 w0 0 50 100 50 m
apoat

w 100 150 20 o @0 100 150 a0 0 00 15 a0 50 3

Mean Period Wise Return By Factor Quantile

4 mmm 5D

mmm 10D
| in |

0
-8

A

Mean Return (bps)

&

— 8] ™ = L
‘Cumulative Return by Quantile
5D Period Forward Return) Factor Weighted LongiShart Pertfolio Cumulative Return (5D Period)

11141

o

3

2
8

Log Cumulative Returns
Cumulative Returns
2 8

EE

\

#® »° & &® o +*




Chapter 21: Generative Adversarial Networks for
Synthetic Time-Series Data

GAN Architecture & Training

Target Samples

Random Noise Generator Network
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Generator Loss
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Chapter 22: Deep Reinforcement Learning —
Building a Trading Agent
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Chapter 23: Conclusions and Next Steps
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Appendix: Alpha Factor Library
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