InterSystems-

Creative data technology

Nur keine Angst:

Machine Learning geht
auch einfach

Stephan Mohr

Sales Engineer
InterSystems GmbH, Darmstadt



Ein lohnendes Ziel
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Machine Learning — geht auch einfach

Ein lohnendes Ziel Ein schwerer Weg Der einfache Weg
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Machine Learning — der klassische Prozess
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Machine Learning — der klassische Prozess
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#DataCleaning Part

plt.figure(figsize=(12, 7))
sns.boxplot(x="Pclass',y="Age',data=train,palette="winter")
train['Age'] =

train[['Age', 'Pclass']].apply(impute_age,axis=1)
sns.heatmap(train.isnull(),yticklabels=False,cbar=False,cmap
='viridis®)

train.drop('Cabin’',axis=1,inplace=True)
train.head()
train.dropna(inplace=True)
train.info()
sex = pd.get _dummies(train['Sex'],drop_first=True)
embark = pd.get dummies(train['Embarked'],drop_first=True)
train.drop(['Sex', 'Embarked', '"Name', 'Ticket'],axis=1,inplace
=True)
train = pd.concat([train,sex,embark],axis=1)
train.head()
#ML Part
from sklearn.model_selection import train_test_split
X_train, X_test, y train, y test =
train_test_split(train.drop('Survived',axis=1),

train[ 'Survived'], test_size=0.30,

random_state=101)
from sklearn.linear_model import LogisticRegression
logmodel = LogisticRegression(max_iter=1000)
logmodel.fit(X_train,y_train)
predictions = logmodel.predict(X_test)




Machine Learning — der automatische Prozess
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#DataCleaning Part

W . figure(figsize=(12, 7))
sngpoxplot(x="Pclass',y="Age',data=train,palette="wi
trairfpAge’'] =

train[ [ge', 'Pclass’']].apply(impute_age,axis=1)
sns.heatm®@(train.isnull(),yticklabels=False,cb
='viridis®)

train.drop('CabINy,axis=1,inplace=True)
train.head()
train.dropna(inplace
train.info()
sex = pd.get dummies(tra
embark = pd.get dummies(tra
train.drop(['Sex"', 'Embarkedg
=True)
train = pd.concat([trai
train.head()
#ML Part
from sklearn.modg selection import trai
X_train, X_te y_train, y test =
train_test_sgfit(train.drop('Survived',axis=
train[dfurvived'], test_size=0.30,
ranggim_state=101)
from gflearn.linear_model import LogisticRegression
logg¥del = LogisticRegression(max_iter=1000)
gmodel.fit(X_train,y train)
predictions = logmodel.predict(X_test)
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Machine Learning — der automatische Prozess
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#DataCleaning Part
W . figure(figsize=(12, 7))
sngpoxplot(x="Pclass',y="Age',data=train,palette="wi
trairfpAge’'] =
train[[Qge', 'Pclass']].apply(impute _age,axis=1)
sns.heatm®@(train.isnull(),yticklabels=False,cb
='viridis®)
train.drop('CabI%y
train.head()
train.dropna(inplace
train.info()
sex = pd.get dummies(tra
embark = pd.get dummies(tra
train.drop(['Sex"', 'Embarkedg
=True)
train = pd.concat([trai
train.head()
#ML Part
from sklearn.modg#’ selection import trai
X_train, X_te y_train, y test =
train_test_sgfit(train.drop('Survived',axis=
train urvived'], test_size=0.30,
ranggim_state=101)
from gflearn.linear_model import LogisticRegression
logg¥del = LogisticRegression(max_iter=1000)
gmodel.fit(X_train,y train)
predictions = logmodel.predict(X_test)
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Machine Learning — der automatische Prozess
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#DataCleaning Part

W . figure(figsize=(12, 7))
sngpoxplot(x="Pclass',y="Age',data=train,palette="wi
trairfpAge’'] =

train[[Qge', 'Pclass']].apply(impute _age,axis=1)
sns.heatm®@(train.isnull(),yticklabels=False,cb
='viridis®)

train.drop('CabT
train.head()
train.dropna(inplace
train.info()
sex = pd.get dummies(tra 'Sex !
embark = pd.get dummies(tra%y
train.drop([ 'Sex', 'Embarkedg
=True)
train = pd.concat([trai
train.head()
#ML Part
from sklearn.modg¥ selection import trai
X_train, X_te y_train, y test =
train_test_sgfit(train.drop('Survived',axis=
train[dfurvived'], test_size=0.30,
ranggim_state=101)
from gflearn.linear_model import LogisticRegression
loggdel = LogisticRegression(max_iter=1000)
gmodel.fit(X_train,y train)
predictions = logmodel.predict(X_test)
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Machine Learning — der automatische Prozess
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InterSystems AutoML - die SQL-Schnittstelle




InterSystems AutoML - die SQL-Schnittstelle

CREATE MODEL <model name>
ML-Modell

Definition

PREDICTING(<label>)
FROM <table/view>




InterSystems AutoML - die SQL-Schnittstelle

CREATE MODEL <model name>

ML-Modell
PREDICTING(<label>) Definition
FROM <table/view>

Trainiertes

TRAIN MODEL <model name> ML-Modell




InterSystems AutoML - die SQL-Schnittstelle

CREATE MODEL <model name>

ML-Modell
PREDICTING(<label>) Definition
FROM <table/view>

Trainiertes
TRAIN MODEL <model name> ML-Modell

SELECT PREDICT(<model name>) ' Vorhergesagtes
FROM <table/view/record> Ergebnis




InterSystems AutoML -

Katalogdetails | Abfrage ausfiihren [Durchsuchen | SQL—Statementsl

Ausfiihren H Plan anzeigen H Verlauf anzeigen H Abfragegenerator ][Display Mode v] Max.| 1000 ]Weiter







