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Abstract

Motivation
e Market crash in 2018.
e Non-linear factors leading the market.

e Need for developing feature importance of stacked mod-
els.

e Bitcoin data from Quandl.

e Four exchanges KRAKEN, BITSTAMP, ITBITUSD and
COINBASE to remove ambiguity.

e Final price is based on weighted volume of end of day
prices.

e Exponential average technique for missing value treat-
ment.

e Time Period - Aug-2017 to Jul-2018 with end of the day
data.
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Feature Creation

Cryptocurrency. Bitcoin

e Volume Features - ADI, Balance, Chaikin, Price ,Nega-
tive volume - 7 Features.

¢ Volatility Features - Range, Bollinger, Channel - 15 Fea-
tures.

e Trend Features - MACD, VI, MI, CCI, Oscillator - 11
Features.

e Momentum Features - Strength, Oscillator - 5 Features.

e Sentiment Features - Positive, Negative and Neutral - 3
Features.

Modeling

Lets say we have feature vector Xy ¢ R" to build the model hav-
ing dependent variable v;. 1 , here y;,1 1 1s defined based on the
return of the asset 111 where

1, Tt_l_l > O
— 1
Yt+1 {O rat <0 (1)

Modeling Activities

Models: Discriminative, Generative
Discriminative

e Lower Asymptotic Error
e Directly Learns P(Y | X)

e Used - Xgboost, LightGBM, KNN, Logistic Elastic Net,
SVM and RF - 6 Models.

e Backward Inference - Inference of X not possible.
e Computation intensive.

Generative
e Higher Asymptotic Error
e Learns P(Y|X) based on P(X) and P(X|Y).
e Used - Naive Bayes, LDA, QDA - 3 Models.

e Backward Inference - Inference of X possible
e [ ess Computation intensive.

Time-Frame

¢ Training Period - Aug-2017 to Mar-2018.
e Testing Period - Jul-2018.

Cross-Validation

Robust Cross-Validation i1s important step to find the hyper-
parameters. There are different techniques to find the hyper-
parameters given cross-validation folds such as random sam-
pling and bayesian optimization. We have used random sam-
pling. K-Fold cross-validation leads to lower error but performs
worst during the live performance.

Cross-Validation Techniques

e Purged Walk Forward 5 - Fold
e To avoid look ahead bias
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Fold Distribution
Fold No Training Period Test Period
Fold 1 Aug-Oct’ 17 Nov’17
Fold 2 Aug-Nov’17 Dec’17
Fold 3 Aug-Dec’17 Jan’18
Fold 4 Aug’l7 -Jan’18 Feb’18
Fold 5 Aug’l7 -Feb’18 Mar’18

Stacked-Generalization

[2] talks about technique to reduce generalization error rate.
It aims to achieve generalization accuracy by combining weak
learner. It 1s considered to be more sophisticated than winner-
takes-all strategy.
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It generally creates different levels of models having one level
of output being the input for next level. Primarily, it removes the
biases of all models leading to generalization of all the models.

Stacked Models

e Level O has 7 models and Level 1 1s hidden layer with 6
nodes.

e [evel O - Training Period Aug-2017 to Mar-2018.

e [evel 1 Hidden Layer - Training Period Apr-2018 to June-
2018.
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Feature Selection

Tree models - Feature importance 1s synonyms to Feature selec-
tion methodology. Following are the ways to calculate feature
importance:-

e Gain - In spliting features , we calculate the decrease in gini
impurity or entropy which 1s finally combined to create com-
bined Gain for each feature.

e Real Cover - Similarly , when features are splitted, the split
occurs over observations. We count the observations where
split occured and 1t 1s finally combined leading to Real Cover.

Partial Dependence Plot-

[1] and [3] talks about visualizing the feature importance by
estimating the variability in the estimated function by varying
each particular variable and keeping other variables at their av-
erage.

Partial dependence function for regression is defined below:-

fo () = By [f(xr,24)] = /f(l’t,ﬂ?—t)dpx—t (2)

e Monte Carlo - To estimate the partial function.
e Uncorrelated - Features are uncorrelated.

f?:l fiEt (xta *CC(_Z)t)
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Steps

e Analyze level-0 to calculate variable importance for each gen-
eralizer.

e Analyze variable importance for each generalizer.

e Calculate variable importance weighted over importance of
each generalizer.

We have K-generalizer then ¢mp(x¢) is calculated as below:-

e ymp(7T}.) for given model 7} based on feature importance

model.
imp(Ty)

25:1 imp(T},)
e impy.(x¢) is calculated based on above formula for each 77

o imp(as) = Y py wy, * impy (1)

This 1s model independent variable importance for each feature.

ka:

Result

To measure the performance of machine learning models AUC,
Accuracy, Precision, Recall and F1 metrics are used.

SG
Parameter Apr-May 2018  June - July 2018
AUC 0.61 0.50
Accuracy 0.52 0.54
Precision 0.61 0.52
Recall 0.59 0.59
F1 0.60 0.55
Combined Modelimportance
Conclusion

e Best Standalone Model Quadratic Discriminate Analysis
with 0.52 accuracy, 0.56 precision and 0.55 AUC.

e Worst performing models - SVM and KNN.
e Stacked Generalization Improved accuracy from 0.52 to 0.54.
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