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Data Science is “This coupling of scientific discovery and practice involves
the collection, management, processing, analysis, visualization, and inter-
pretation of vast amounts of heterogeneous data associated with a diverse
array of scientific, translational, and inter-disciplinary applications.”
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1. Data Gathering, Preparation, and Exploration
2. Data Representation and Transformation

3. Computing with Data

4. Data Modeling

5. Data Visualization and Presentation

6. Science about Data Science
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Every data scientist should know and use several languages for data anal-
ysis and data processing. These can include popular languages like R and

Python, but also specific languages for transforming and manipulating text,



and for managing complex computational pipelines. It is not surprising to
be involved in ambitious projects using a half dozen languages in concert.

Beyond basic knowledge of languages, data scientists need to keep current
on new idioms for efficiently using those languages and need to understand
the deeper issues associated with computational efficiency.
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Terminology for rectangular data can be confusing. Statisticians and data
scientists use different terms for the same thing. For a statistician, predictor
variables are used in a model to predict a response or dependent variable.
For a data scientist, features are used to predict a target. One synonym is
particularly confusing: computer scientists will use the term sample for a
single row; a sample to a statistician means a collection of rows.

2.2 ASADFEHEANMSELI-CL

FarE e 7= 2 4 T 20, HEHTEZ 0D, BRZ¥METHE I3 FEERD
Z DY, TRV ALVREBZDI LI, MatFEBA LI eFAERTH D LIEE
A0, L LB OIES, MEHEICO REREZ 0D 5, ASACKERGEHHR) D 2016
FEOFEA 4 TH %,



ASA 3,

Z DR TR p HDIE L WEWT %

EDITORIAL

The ASA’s Statement on p-Values: Context, Process, and Purpose
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1 perm_fun<-function(x,nA,nB){

2 n<-nA+nB

3 idx_b<-sample(1:n,nB)

4 idx_a<-setdiff(1:n,idx_b)

5 mean_diff<-mean(x[idx_b]l)-mean(x[idx_al)
6

7

8

return(mean_diff)

}
perm_diffs<-rep(0,1000)
9 for(i in 1:1000){
10 perm_diffs[i]=perm_fun(session_times$Time,21,15)
1 }
12 hist(perm_diffs,xlab=’Session  time differences,(in seconds)’)
13 abline(v=mean_b-mean_a,col=’red’)
14 mean(perm_diffs>(mean_b-mean_a))

Histogram of perm_diffs

time differences (in seconds)
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library(ISLR)

head(Default)

nrow(Default)

train_n<-sample(1:10000,8000)
test_n<-setdiff(1:10000,train_n)
train_df<-Default[train_n,]
test_df<-Default[test_n,]

df _glm<-glm(default”student+balance+income,
9 family="binomial",data=train_df)

10 summary(df_glm)

11 predict(df_glm,

12 data.frame(student="Yes" ,balance=1000,income=30000))
13 df_pred<-predict(df_glm,test_df)

14 df _pred_yn<-ifelse(df_pred>0,"Yes","No")

15 cm<-table(test_df$default,df_pred_yn)

16 cm
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library(palmerpenguins)

library(tidyverse)

library(randomForest)

str(penguins)

pen<-penguins([,c(1,3,4,5,6)]

pen<-na.omit (pen)

str(pen)

pen_rf<-randomForest(
species”™.,data=pen,importance=T)

pen_rf

err_df<-data.frame(err_rate=pen_rf$err.rate[,’00B’],

num_trees=1:pen_rf$ntree)

graph<-ggplot(err_df,aes(x=num_trees,y=err_rate))+
geom_line()+
theme_bw()

graph

varImpPlot(pen_rf,type=1)

varImpPlot (pen_rf,type=2)
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