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Introduction
TO THE DATA



ORIGINAL DATASET
’c- qo O

summary(data)

B features.csv.zip

) sampleSubmission.csv.zip
D stores.csv

B test.csv.zip

B train.csv.zip

The summary of this original
dataset is available in the

appendix as A.1
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Data Cleaning &
Visualization



CLEANING

str(dataq)

data$CPI <- as.numeric(data$CPI)
dataSunemployment <- as.numeric(dataSUnemployment)
data$Type <- as.factor(data$Type)

dataSpept <- as.factor(data$Dept)
data$store <- as.factor(data$Store)
data$MarkDownl <- as.numeric(data$MarkDownl)
data$MarkDown2 <- as.numeric(data$MarkDown2)
data$Markbown3<- as.numeric(data$markbown3)
data$Markbown4 <- as.numeric(data$MarkDown4)
data$MarkDown5 <- as.numeric(data$MarkDown5)
str(data)

The structure of the data
before and after is available in

the appendix as A.2




MISSING DATA

library(mice)
md.pattern(data,
rotate.names = TRUE)

The details of missing values
before and after are available

in the appendix as A3.



MISSING DATA

library(mice)
md.pattern(data,
rotate.names = TRUE)

employment

8]

S ®

h 0 =
97056

00 0 0 0O 0O 0 OO0 OO0 O0 0 00

No need for mice. This data set is completely observed.

The details of missing values
before and after are available

in the appendix as A3.

0 0 0 0 0 0 0 0 0 0 0 0
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DETERMINING WHICH STORE TOFOCUS ON ~,~

.

storel <-
data[which(data[,'Store]==1),]

The rest of this process is available in the
appendix as A.4

The complete visual analysis of
all stores data is available in

the appendix as A.5
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Store Sales Relationship to Store Size, 2010-2012 Store Sales Relationship to Store Size, 2010-2012




CPI for All Store, 2010-2012 CPI for All Store, 2010-2012
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Unemployment
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° Temperature >

Temperature for All Store, 2010-2012 Temperature for All Store, 2010-2012
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Frequency

Histogram of store13$Weekly_sales

s s

T T T
2000000 2500000 3000000 3500000

store13$Weekly_sales

Date

Min.
1St Qu::
Median
Mean

3rd Qu.:
Max.

12010-02-05 00:00:00

2010-10-11 12:00:00

12011-06-17 00:00:00
:2011-06-17 00:00:00

2012-02-20 12:00:00

12012-10-26 00:00:00

Fuel_Price IsHoliday

Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max.

2

3
13.286

3

3

:2.654 Mode :logical

.869 FALSE:133
.380 TRUE :10

.627
.845

2 3500000~
3000000~

0

-
0
-
0]

2500000~
2000000+

200

weekly_sales

Min.
1st Qu.:
Median
Mean

3rd Qu.:
Max.

S
Min.
1st Qu
Median
Mean
3rd Qu
Max.

11633663

1877476

11958824
12003620

2041469

13595903

ize
1219622
.1219622
1219622
1219622
. 1219622
1219622

1126,
126.
:129.
1128,
130.
1131,

Temperature

Min.
ISt Qu..c
Median
Mean

3rd Qu.:
Max.

<162
38.
<52
s53%
68.
183,

94
93
50
70
34
68

Unemployment

Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max.

25
6.104
7.193

27
7
8

621

002

.795
.316
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Exploratory Data
Analysis



\'/
Exploring Distribution of Numeric Variables “i™

Histogram/Density Pl Histogram/Density Plot Histogram/Density Plo Normal QQ Plot Normal QQ Plot Normal QQ Plot
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e  Histogram/Density Plot and QQ Plot show distribution is not normal

e  Weekly Sales is skewed right perhaps due to outliers; otherwise normally distributed
e Allothervariables seem to be bimodal

L
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. . . ! . 7N,
Further Exploring Distribution Using BoxPlots " |
| =
Weekl;_sales CIPI Tempelzrature | FueI_IPrice

e  CPI, Temperature, Unemployment, Fuel Price seem dispersed; Weekly Sales Not Dispersed
e Only Weekly Sales have outliers, some seem to be extreme.

¢ o)




corretations or Numeric
Variables
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e  Predictors for Weekly Sales seems to have weak correlations
e CPland Fuel Price are positively correlated
e  Temperature and Unemployment are negatively correlated
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Categorical Data as Predictor

3500000 -
3000000 -

2500000 -

Weekly_sales

2000000 - [ |

! i
FALSE TRUE
IsHoliday

e Beinga holiday does have impact on weekly sales
e  Extreme outliers for “Not a holiday”
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Building Models



\'I

Linear Model 1

call:
Im(formula = weekly_sales ~ CPI + Temperature + Unemployment +

Fuel_Price + IsHoliday, data = Storel3) ° For our linear model. we

b

Residuals: included all the main feature

Min 1Q Median 3Q Max . .
-434625 -114544 -36322 50454 1597757 variables (excluding
Coefficients: n1arkdovvny

Estimate std. Error t value Pr(z|t]) Py The CoefﬁClentS for the

(Intercept) 7364492 11067475  0.665 0.507 .
cPI -34053 81554 -0.418 0.677 variables show the effects each
Temperature -2622 1690 -1.551 0.123
Unemployment  -126573 134738 -0.939  0.349 has on the weekly sales forecast
Fuel_Price 12644 153587  0.082 0.935
IsHolidayTRUE 93772 87268 1.075  0.284 for Store 13.

Residual standard error: 260900 on 137 degrees of freedom
Multiple R-squared: 0.06865, Adjusted R-squared: 0.03466
F-statistic: 2.02 on 5 and 137 DF, p-value: 0.07961




start: AIC=3572.79 N ' P

weekly_sales ~ CPI + Temperature + unemployment + Fuel_Price +

Stepwise Algorithm

of
- Fuel_price 1 4.6119e+08 9.3234e+12 3570.8
- CPI 1 1.1865e+10 9.3348e+12 3571.0
- Unemployment 1 6.0053e+10 9.3830e+12 3571.7
- IsHoliday 1 7.8572e+10 9.4015e+12 3572.0
<nonex 9.3229e+12 3572.8
- Temperature 1 1.6375e+11 9.4867e+12 3573.3 . . . .
e Based on the stepwise algorithm, we should eliminate
Step: AIC=3570.8
weekly_sales ~ CPI + Temperature + Unemployment + IsHolida H H H H
¥ P iy ¥ CPI, Fuel Price, and Holiday as predictor variables.
of sum of sq RSS AIC h f . l d l ll . l
- CPI 1 2.1835e+10 9.3452e+12 3569.1 [
- IsHoliday 1 7.8127e+10 9.4015e+12 3570.0 T ere ore’ an optlma modadet wi Slmp y use
- Unemployment 1 8.3787e+10 9.4072e+12 3570.1
Znone> 9.3234e:12 3570.8 temperature and unemployment data to forecast
- Temperature 1 2.5176e+11 9.5751e+12 3572.6
Step: ATC=3569.13 weekly sales.
weekly_sales ~ Temperature + Unemployment + IsHoliday
of sum of sq RSS AIC
- IsHoliday 1 8.3141e+10 9.4283e+12 3568.4
<none> 9.3452e+12 3569.1

- Temperature 1 2.3082e+11 9.5760e+12 3570.6
- Unemployment 1 3.9102e+11 9.7362e+12 3573.0

Step: AIC=3568.4
weekly_sales ~ Temperature + Unemployment

of sum of sq RSS AIC
<nonex> 9.4283e+12 3568.4
- Temperature 1 2.8692e+11 9.7153e+12 3570.7
- Unemployment 1 3.9186e+11 9.8202e+12 3572.2

call:
Im(formula = weekly_sales ~ Temperature + Unemployment, data = Storel3)

coefficients:
(Intercept)  Temperature Unemployment
2566245 -2593 -60469 O
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Comparison of Small and Big 1>
Models

Analysis of variance Table
Based on our p-value, which

Model 1: weekly_sales ~ Temperature + Unemployment

Modelsi;]?zgsw_sﬂes ~ CPI + Temperature + Unemployment + Fuel_Price + is 0.67, we accept the null
Res. Df Rss Df sum of Sq F Pr(>F) hypothesis (small model)

1 140 9.4283e+12
2 137 9.3229e+12 3 1.0544e+11 0.5165 0.6716

e Forthe anova table we compared our larger model (with all the variables) to our smaller model (with just
temperature and unemployment as predictors).
Null Hypothesis, HO: bl = b4 = b5 =0 (CPI, Fuel Price, Holiday do not predict weekly sales)

Alternate Hypothesis, H1: b1 or b4 or b5 does not equal 0 (CPI, Fuel Price, Holiday DO predict weekly sales)
Decision Rule: if p-value < alpha, you reject the null hypothesis, HO. If p=value > alpha, accept the null hypothesis, HO

9, °
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Model Validation

25



Stabilit f Model “1°
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1900000 1950000 2000000 2050000 2100000

Small model: Weekly_sales~TemperaturetUnemployment
Shows instability. But that can just be a result of bad set of
folds. O

Running seed for random folds show more stability,
therefore, we can try with different number of folds.

o
9, o




L P

Optimal Number of Folds 1™

Weekly sales
2000000 2500000 3000000 3500000

1900000 1950000 2000000 2050000 2100000

Predicted (fit to all data)

At 5 folds we start to see the lines converge and therefore, we will use this number of
folds when comparing mse.

9, °




Which Model is Better?

mEsl =S

74778332391 69091630717

Big Small: Weekly_sales~CPl+TemperaturetUnemployment+Fuel_Price+IsHoliday is g1

Small model: Weekly_sales~TemperaturetUnemployment is g2
We compared the MSE for gl and g2 using 5 folds. MSE for g2 is lower showing that it’s

the better model. Consistent with Anova .

L P




- ® l0|

Challenges to OLS



Checking for Nonconstant Error Variance

Residuals vs. Fitted
1500000 - .

1000000 -

500000 - .

Residuals
L]

' ' ' '
1950000 2000000 2050000 2100000

'
1900000

Fitted
Scale-Location
1500000 - > .
)
g 1000000 -
o 500000~ . ot = e
e o2t Y AL ST AP

2100000

2006000
Fitted

2050000

\'/

call:
Im(formula = abs(residuals(g.sm)) ~ fitted(g.sm))
Residuals:

Min 1q Median 3Q Max
-201442 -91038 -33727 20295 1446347
coefficients:

Estimate std. Error t value Pr(>|t|)

(Intercept) -1.587e+06 5.425e+05 -2.926 0.00401 %x*
fitted(g.sm) 8.643e-01 2.706e-01 2393 0,00173 *w
signif. ‘codes: " TwxliQ 00F fAxtig, 01 %% 0.05 *.* 0.¥ % ¥ 13

Residual standard error: 206400 on 141 degrees of freedom
Multiple R-squared: 0.06745, Adjusted R-squared: 0.06084
F-statistic: 10.2 on 1 and 141 DF, p-value: 0.001734

e  Residuals scattered more closely around 1900000 than
around 2100000 - visual evidence of heteroskedasticity

e  Null hypothesis: Slopeis 0

e  Alternate hypothesis: Slope is not 0

e  P-value<alpha=0.01(1%) > Reject null hypothesis that
slope s 0.

e  Modelviolates first assumption for OLS

9, °




Applying Transforms to Model

Residuals vs Fitted

£ 1500000 -
S 1000000 - e "
= 500000 - . -
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S 0 ARt Pl ey o -
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Fitted

Residuals vs Fitted - sqrt transform
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Residuals vs Fitted - log transform
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9,

Applied a square root and log
transform to our small model
Visually, it appears that we still
see some heteroskedasticity
even in the transformed models




Applying Transforms to Model

Square Root Transformation

call:
Im(formula = abs(residuals(gs.sm)) ~ fitted(gs.sm))
Residuals:

Min 1Q Median 3Q Max

-63.85 -30.60 -12.73 7.00 439.58

Coefficients:

Estimate std. Error t value Pr(=|t]|)

(Intercept) -957.4444 369.6813
fitted(gs.sm) 0.7117 0.2616

-2.590 0.01061 *
2.721 0.00734 *x*

Signif. icodes:: [0 Sexligoo0F ‘*mY QU0 ‘%%0Q.05 *.Y0.E Y VX

Residual standard error: 65.89 on 141 degrees of freedom
Multiple R-squared: 0.04987, Adjusted R-squared: 0.04313

F-statistic: 7.401 on 1 and 141 DF,

p-value: 0.007339

L

Log Transformation

call:
Im(formula = abs(residuals(glog.sm)) ~ fitted(glog.sm))
Residuals:

Min 1q Median 3Q Max
-0.08377 -0.04280 -0.01839 0.00864 0.53792
Coefficients:

estimate std. Error t value Pr(>|t])

(Intercept) -7.8708 3.6491 -2.157 0.0327 *
fitted(glog.sm) 0.5472 0.2516 2.175 0.0313 *
signif. icodess: 0::4%xxr 0 001 XA 0001 **7:00705: 4i'-00% P Nl

Residual standard error: 0.08513 on 141 degrees of freedom
Multiple R-squared: 0.03245, Adjusted R-squared: 0.02559
F-statistic: 4.729 on 1 and 141 DF, p-value: 0.03132

e Atthe 1% significance level, the log transformation model eliminates non-constant variance! We can use
this moving forward.




Checking for non-

Untransformed y

Density
08-
— Empirical

0 06- ==
° Normal
3
S04
@
@oo-

0.0- i ' 5 u _I—

-2 0 - 4 .
scale(.resid)
Log-Tranformed y Density

- — Empirical
% — Normal
304-
w
@
ro2-

0.0- 5 ' !

-2 0 2 4

scale(.resid)

\'I

normal errors

Shapiro-wilk normality test

data: residuals(g.sm)
W = 0.67096, p-value < 2.2e-16

Shapiro-wilk normality test

data: residuals(glog.sm)
W = 0.7537, p-value = 3.303e-14

e  Transformed model looks better than
untransformed model

e  Null hypothesis: Model is normal

e Alternate hypothesis: Model is not normal

e  Shapiro-Wilk Test: p-value < alpha (1%) »
must reject normality for both models

e  Box Coxtransform yielded better results,
but still not normal > may require WLS or
other method due to non-normality

9, °
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Studentized Residuals

Checking for influential outliers

U

@

@ O
_______________________ @--_____________________________________________
O
_________________________ ff’,c%f__,___?Er__,_‘i_fi_ﬁ‘:"____?;____,_325-__
s 8%0° o % & 0% ’co)ooo° °06°C;oo %O o © 2
e [ (O D O N
T T T T T T
0.010 0.015 0.020 0.025 0.030 0.035 0.040
Hat-Values

We can see there are several influential outliers in the data

Datapoints 25, 47,49, and 99 are particularly large in size (refer to the weekly sales points in the Cooks Distance chart)
These reflect outliers in the “Weekly Sales” that are influencing the model - leaving these data points out would change
the values of the estimates in the model

Cooks Distance

000 005 010 015 020 025

\'/

. 4 ‘ N9
3556766
3595903.2
21gISR 1 %
ooooooooo
‘ T T T T
0.0 0.5 1.0 1.5 20 25

Half-normal quantiles

9, °
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Remove the Qutliers

Outliers Removed from Model
Shapiro-wilk normality test

05-
Density

— Empirical data: residuals(g.sm.clean)
W = 0.99217, p-value = 0.7118

04- — Normal

e Removed Weekly Sales >2,100,000 from
dataset

e  Null hypothesis: Model is normal

Alternate hypothesis: Model is not normal

e  Shapiro-Wilk Test: p-value > alpha (1%) >
accept normality for the small model
with outliers removed from the dataset

Residuals
o
w

o
[N}
h
[

0.1-

0.0-

0
scale(.resid)
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Checking for Correct Model Specification

CERES Residual{log(Weekly_sales))

CERES Residual{log(Weekly_sales))

T T T T T 1
20 30 40 50 60 70 80 60 65 70 75 80

Temperature Unemployment

e Thepinklineis close to the straight line for both predictor variables » no evidence for transformation or higher order
terms in the model

¢ o)
o) o
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Conclusion

31
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1
Weekly Sales ~ Temperature +

Unemployment (small model) is the
best model for this dataset, so long as
the outliers are removed and the log
transform is applied to eliminate
non-constant error variance

i ot
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Appendix
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A1 SUMMARY OF ORIGINAL DATASET -~ "'

- {r}

summary (data)

Min. = 1
1st Qu.:11.
Median :22.
Mean s22:
3rd Qu.:33.
Max. 145,
Temperature
Min. s =2
1st Qu.: 46.
Median : 62.
Mean : 60.
3rd Qu.: 74.
Max. :100.
MarkDown4
Length:421570
Class
Mode

weekly_sales

Min. -4989
1st Qu.: 2080
Median : 7612
Mean : 15981
3rd Qu.: 20206
Max. 1693099

:character
:character

Length:421570
Class :character
Mode :character

Fuel_Price
Min. 12.472
1st Qu.:2.933
Median :3.452
Mean 3361

3.738

3rd Qu.:

Max. :4.468
MarkDown5
Length:421570
Class :character

Mode

:character

Min. 34875
1st Qu.: 93638
Median :140167
Mean 1136728
3rd Qu.:202505
Max. 1219622
MarkDownl
Length:421570
Class :character
Mode :character

CPI
Length:421570
Class :charac
Mode :charac

Min.
1st Qu.
Median
Mean

:2010-02-05
:2010-10-08
:2011-06-17
:2011-06-18
3rd Qu.:2012-02-24
Max. :2012-10-26
MarkDown?2
Length:421570
Class :character
Mode :character

Unemployment
Length:421570
Class
Mode

ter
ter

:character
:character

IsHoliday
Mode :Togical
FALSE: 391909
TRUE :29661

MarkDown3
Length:421570
Class :character
Mode :character

Dept
Min. : 1.00
storeltotal45s
Median :37.00
Mean :44.26
3rd Qu.:74.00
Max. :99.00




. A2 DATATYPES -

‘data.frame’: 421570 obs. of 16 variables:

Store han 213 1T LT EEEEL L s

Type : chr "A"™ "A"™ "A" "AY

Size : num 151315 151315 151315 151315 151315 ...

Date : POSIXct, format: "2010-02-05" "2010-02-05" "2010
IsHoliday : logi FALSE FALSE FALSE FALSE FALSE FALSE ...
Temperature : num 42.3 42.3 42.3 42.3 42.3 ...

Fuel_Price : num 2.57 2.57 2.57 2.57 2.57 ...

MarkDownl : chr  "NA"™ "NA" "NA" "NA" ...

MarkDown?2 : chr  "NA" "NA" "NA" "NA" ...

Markbown3 : chr  "NA"™ "NA" "NA" "NA" ...

MarkDown4 : chr  "NA"™ "NA" "NA" "NA" ...

MarkDown5 : chr  "NA" "NA" "NA" "NA"

CPI : chr "211.0963582" "211. 0963582" "211.0963582" "
Unemp1oyment chr "8.1059999999999999" "8.1059999999999999" "

‘data.frame": 421570 obs. of 16 variables:

Store : Factor w/ 45 Tevels "1","2","3","4",

Type : Factor w/ 3 levels "A","B","c": 3 2 1 1

Size : num 151315 151315 151315 151315 151315 ...

Date : POSIXct, format: "2010-02-05" "2010-02-05" "2010-02-05"
IsHoTl1iday : logi FALSE FALSE FALSE FALSE FALSE FALSE ...
Temperature : num 42.3 42.3 42.3 42.3 42.3 ...

Fuel_Price : num 2.57 2.57 2.57 2.57 2.57 ...

MarkDownl : num NA NA NA NA NA NA NA NA NA NA ...

MarkDown?2 : hum NA NA NA NA NA NA NA NA NA NA ...

MarkDown3 : num NA NA NA NA NA NA NA NA NA NA ...

MarkDown4 : hum NA NA NA NA NA NA NA NA NA NA ...

MarkDown5 : num NA NA NA NA NA NA NA NA NA NA ...

CPI num 211 231 219 241 211 . s

Unemployment: num 8.11 8.11 8.11 8.11 8.11 ...

Dept : Factor w/ 81 levels "1","2","3","4",..: 1 25 16 44 27 65
Weekly_Sales: num 24924.5 11737.1 13223.8 37.4 1085.3 ...

$
$
$
$
$
$
$
$
$
$
$
$
$
$

R o T S o B S B o e e o = = )

Dept D num 1 26 17 45 28 79 55 5 58 7 ...
Week1y_5a1es num 24924.5 11737.1 13223.8 37.4 1085.3 ...

© -




. A3 MISSING DATA BEFORE >,<

Missingness Map
414550

Unemployment

Dept
Weekly_Sales

Temperature
Fuel_Price
Type

Size

Date
IsHoliday

CPI
MarkDown4
MarkDown2

MarkDown5
MarkDown1
MarkDown3

1 Missing (21%)
B Observed (79%)

CPI

0
1
1
2
1
2
2
3
2
3
4
5
2

MarkDown
MarkDownd
MarkDown3
MarkDown1
MarkDownS
Unemployment
Fuel_Price
Temperature
IsHoliday

T {r} T {r}
install.packages("mice", repos="http://cran.rstudio.com’) library(Amelia)
Tibrary(mice)

md.pattern(data, rotate.names = TRUE) m1 §smap (data)

Store Date IsHoliday Temperature Fuel_Price MarkDownl MarkDown2 Markbown3 MarkDown4

[0} 0 0 0 ] 270889 310322 284479 286603
MarkDown5 CPI Unemployment Dept weekly_sales Type Size
270138 0 0 0 (0] (0] (0]



AFTER  A.3 MISSING DATA 3;(

Dropping records wit ® o) °

®

Missingness Map

IsHoliday
Temperature
Fuel_Price
MarkDown1
MarkDown2
MarkDown3
MarkDown4
MarkDown5
Unemployment

1 Missing (0%)
B Observed (100%)

{r}

install.packages("mice", repos='http://cran.rstudio.com")
Tlibrary(mice)

md.pattern(data, rotate.names = TRUE)

Unemployment
MarkDown5
MarkDownd
MarkDown3
MarkDown2
MarkDown1

Fuel_Price
Temperature
IsHoliday

No need for mice. This data set is completely observed.

- {r}
Store Date IsHoliday Temperature Fuel_Price CPI Unemployment Dept Weekly_sales '|‘Ibr'af'y(Ame1'Ia)
Type Size missmap (data)
421570 1 1 1 1 1 1 1 1 1: <R
1 10
0 0 0 o0 0 0 0




AFTER A3 MISSING DATA 3;(

Dropping MarkDown ® o) °

®

Missingness Map
414550

Unemployment

IsHoliday
Fuel_Price

Temperature
CPI

1 Missing (0%)
B Observed (100%)

T {r}

install.packages("mice", repos='http://cran.rstudio.com")
Tlibrary(mice)

md.pattern(data, rotate.names = TRUE)

Unemployment
CPI
Fuel_Price
Temperature
IsHoliday

No need for mice. This data set is completely observed.

- {r}
Store Date IsHoliday Temperature Fuel_Price CPI Unemployment Dept Weekly_sales '|‘Ibl'af'y(Ame1'Ia)
Type Size missmap (data)
421570 1 1 1 1 1 1 1 1 1: <R

10
0 0 0o o0 0 0 0
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A.4 CREATING SUBSETS FOR EACH STORE 4>
AT O
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[ {r}

torel <- data[which(data[,'Store']==1),] storeltotal <- aggregate(storel$weekly_sales, by=list(storelSDate), sum)
tore2 <- data[which(data[, 'Store']==2),] store2total <- aggregate(store2$weekly_sales, by=Tist(store2SDate), sum)
tore3 <- data[which(datal[, 'Store’ 3911 store3total <- aggregate(store3Sweekly_Sales, by=Tist(store3$Date), sum)
tore4 <- data[which(data[, 'Store’ 4),1] store4total <- aggregate(store4s$weekly_sales, b ist(store4$Date), sum)
tore5 <- data[which(data[,'Store’ 5),1 storeStotal <- aggregate(store5$weekly_Sales, b ist(store5SDate), sum)
tore6 <- data[which(data[,'Store’ 6),] store6total <- aggregate(store6$weekly_sales, b ist(store6$Date), sum)
tore7 <- data[which(data[,'Store’ 751 store7total <- aggregate(store7$weekly_sales, b ist(store7SDate), sum)
tore8 <- data[which(data[,'Store’ 8),1] store8total <- aggregate(store8$weekly_Sales, b ist(store8Spate), sum)

tore9 <- data[which(datal,'Store']==9),] store9total <- aggregate(store9sweekly_sSales, by=Tist(store9$Date), sum)

torel0 <- data[which(datal, 'Store']==10),]

storelOtotal <- aggregate(storelOSweekly_Sales, by=list(storelO$Date), sum)
storelltotal <- aggregate(storellSweekly_sales, by=1ist(storellS$Date), sum)
storel2total <- aggregate(storel2$weekly_Sales, by=list(storel2$Date), sum)
storel3total <- aggregate(storel3Sweekly_Sales, by=list(storel3$Date), sum)
storel4total <- aggregate(storel4Sweekly_sales, by=1ist(storel4sDate), sum)
storelStotal <- aggregate(storel5Sweekly_Sales, by=list(storel5$Date), sum)
storel6total <- aggregate(storel6Sweekly_Sales, by=list(storel6$SDate), sum)
storel7total <- aggregate(storel7S$weekly_sales, by=1ist(storel7$Date), sum)
storel8total <- aggregate(storel8Sweekly_Sales, by=Tlist(storel8$Date), sum)
storel9total <- aggregate(storel9Sweekly_sales, by=list(storel9$Date), sum)

torell <- data[which(datal[, 'Store']==11),]
torel2 <- data[which(datal, 'Store']==12),]
torel3 <- data[which(datal, 'Store']
torel4 <- data[which(datal, 'Store']
torel5 <- data[which(datal, 'Store']
torel6é <- data[which(datal, 'Store']
torel7 <- data[which(datal, 'Store']
torel8 <- data[which(datal, 'Store']
torel9 <- data[which(datal, 'Store']
tore20 <- data[which(datal,

store20total <- aggregate(store20$Sweekly_Sales, by=list(store20$Date), sum)
store2ltotal <- aggregate(store2l$weekly_Sales, by=list(store21$Date), sum)
store22total <- aggregate(store22$weekly_sales, by=1ist(store22$Date), sum)
store23total <- aggregate(store23Sweekly_Sales, by=list(store23$Date), sum)
store24total <- aggregate(store24Sweekly_sales, by=list(store24$Date), sum)
store25total <- aggregate(store25Sweekly_sales, by=1ist(store25$Date), sum)
store26total <- aggregate(store26$weekly_Sales, by=list(store26$Date), sum)
store27total <- aggregate(store27$weekly_Sales, by=list(store27$Date), sum)
store28total <- aggregate(store28Sweekly_sales, by=1ist(store28SDate), sum)
store29total <- aggregate(store29$weekly_Sales, by=Tlist(store29$Date), sum)

tore2l <- data[which(datal,
tore22 <- data[which(datal,"
tore23 <- data[which(datal,"
tore24 <- data[which(datal,"
tore25 <- data[which(datal,"
tore26 <- data[which(datal,"
tore27 <- data[which(datal,"
tore28 <- data[which(datal,
tore29 <- data[which(datal, 'Store']==29),]

tore30 <- data[which(datal, 'Store']==30),]
tore3l <- data[which(data[, 'Store']==31),]
tore32 <- data[which(data[, 'Store']==32),]
tore33 <- data[which(data[, 'Store’'] 3051
tore34 <- data[which(datal, 'Store']==34),]
tore35 <- data[which(data[, 'Store’'] 5)l51
tore36 <- data[which(data[, 'Store']==36),]
tore37 <- data[which(data[, 'Store']==37),]
tore38 <- data[which(data[, 'Store']==38),]
tore39 <- data[which(datal, 'Store']==39),]

store30total <- aggregate(store30$weekly_sales, by=1ist(store30$Date), sum)
store3ltotal <- aggregate(store3l$weekly_Sales, by=list(store31$Date), sum)
store32total <- aggregate(store32Sweekly_Sales, by=list(store32$Date), sum)
store33total <- aggregate(store33Sweekly_sales, by=1ist(store33$Date), sum)
store34total <- aggregate(store34Sweekly_Sales, by=list(store34$Date), sum)
store35total <- aggregate(store35Sweekly_Sales, by=list(store353SDate), sum)
store36total <- aggregate(store36Sweekly_sales, by=1ist(store36SDate), sum)
store37total <- aggregate(store37$weekly_Sales, by=list(store37$Date), sum)
store38total <- aggregate(store38Sweekly_sSales, by=list(store38$Date), sum)
store39total <- aggregate(store39sweekly_sales, by=1ist(store39$Date), sum)

store40total <- aggregate(store40Sweekly_sSales, by=list(store40$Date), sum)
store4ltotal <- aggregate(store4lSweekly_sales, by=1ist(store4lSDate), sum)
store42total <- aggregate(store42$weekly_Sales, by=list(store42$Date), sum)
store43total <- aggregate(store43Sweekly_Sales, by=list(store43$Date), sum)
store44total <- aggregate(store44Sweekly_sales, by=1ist(store44sDate), sum)
store45total <- aggregate(store45Sweekly_Sales, by=Tlist(store453SDate), sum)

tore40 <- data[which(datal, 'Store']==40),]
tore4l <- data[which(data[, 'Store']==41),]
tore42 <- data[which(data[, 'Store']==42),]
tore43 <- data[which(data[, 'Store’'] 3)/51
tore44 <- data[which(data[, 'Store']==44),]
tore45 <- data[which(datal, 'Store']==45),]




\'I

A.4 CREATING SUBSETS FOR EACH STORE  #,~
Q

storeltotall aggregate(. Store+ TemperaE:Fe + Une;L1oyment Fuel_Price +IsHoliday +Size + Type, data=storel,
Eizﬂgltota12 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store2,
:i;:iltota13 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store3,
:i::iltota14 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store4,
:iz:iltota15 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store5,
!iz:iltota16 aggregate(. Store+ Temperature + Unemployment Fuel_Price +IsHoliday+Size + Type, data=store6,
!iz?gltota17 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store7,
!:z221tota18 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store8,
Eizﬂgltota19 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store9,
mean

storeltotall0 <- aggregate(. Store+ CPI + Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storeloO,
!:z:gltotalll <- aggregate(. Store+ + Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storell,
Eizﬂgltota112 aggregate(. Store+ + Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel2,
:i;piltota113 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel3,
:i::iltota1l4 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel4,
:iz:iltota115 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel5,
!iz:iltota116 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel6,
!ig:iltota117 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel7,
!:z221tota118 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel8,
2:2:§1tota119 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=storel9,
mean

storeltotal20 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store20,
!:z:gltotalzl aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store2l,
Eizﬂgltota122 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store22,
:i;piltota123 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store23,
:i::iltota124 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store24,
:iz:iltota125 aggregate(. Store+ Temperature + Unemployment + Fuel_Price +IsHoliday+Size + Type, data=store25,
!iz:iltota126 aggregate(. Store+ Temperature + Unemployment Fuel_Price +IsHoliday+Size Type, data=store26,
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A.4 CREATING SUBSETS FOR EACH STORE  #,~

storeltotall storeltotall[ -c(10:11) ] merge(storeltotal, storeltotall, by.x='Group.l', .y='Date')
storeltotal2[ -c(10:11) ] merge(store2total, storeltotal2, by.x='Group.l'
storeltotal3[ -c(10:11) ] merge(store3total, storeltotal3, by.x='Group.l'
storeltotal4[ -c(10:11) ] merge(store4total, storeltotal4, by. Group.l1l'
storeltotal5[ -c(10:11) ] merge(storeStotal, storeltotal5, by. Group.1'
storeltotal6[ -c(10:11) ] merge(store6total, storeltotalé, by. Group.1'
storeltotal7[ -c(10:11) ] merge(store7total, storeltotal7, 'Group.1',
storeltotal8[ -c(10:11) ] merge(store8total, storeltotald, .x="Group.1', .y='Date")

storeltotalll
storeltotalll
storeltotall2
storeltotall3
storeltotall4
storeltotalls
storeltotallé
storeltotall?
storeltotall8
storeltotall9

storeltotal20

storeltotal29

storeltotal30
storeltotal3l
storeltotal32
storeltotal33
storeltotal34
storeltotal3s
storeltotal36é
storeltotal37
storeltotal3s
storeltotal39

storeltotal40
storeltotal4l
storeltotal42
storeltotal43
storeltotal44

storeltotald[

-c(10:11) 1 merge(store9total, storeltotal9d, by.x='Group.l', .y="Date")

storeltotallO[
storeltotallll
storeltotall2[
storeltotall3[
storeltotall4[
storeltotall5[
storeltotall6[
storeltotall7[
storeltotall8[
storeltotall9[

storeltotal20[
storeltotal2l[
storeltotal22[
storeltotal23[
storeltotal24[
storeltotal25[
storeltotal26[
storeltotal27[
storeltotal28[
storeltotal29[

storeltotal30[
storeltotal3l[
storeltotal32[
storeltotal33[
storeltotal34[
storeltotal3s5[
storeltotal36[
storeltotal37[
storeltotal38[
storeltotal39[

storeltotal40[
storeltotal4l[
storeltotal42[
storeltotal43[
storeltotal44[

-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) 1]
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) 1

-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
“c(10:11) 1
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
-c(10:11) ]
—c(10:31) ]

-c(10:11) ]
—c(d0:11) 1
-c(10:11)
-c(10:11)
-c(10:11)
-c(10:11)
-c(10:11)
-c(10:11)
-c(10:11)
=G (10201

-c(10:11)
-c(10:11)
-c(10:11) ]
-c(10:11) 1
-c(10:11) ]

merge(storelOtotal,
merge(storelltotal,
merge(storel2total,
merge(storel3total,
merge(storel4total,
merge(storel5total,
merge(storel6étotal,
merge(storel7total,
merge(storel8total,
merge(storel9total,

merge (store20total,
merge(store2ltotal,
merge(store22total,
merge(store23total,
merge (store24total,
merge(store25total,
merge(store26total,
merge(store27total,
merge(store28total,
merge(store29total,

merge(store30total,
merge(store3ltotal,
merge(store32total,
merge(store33total,
merge (store34total,
merge(store35total,
merge(store36total,
merge(store37total,
merge(store38total,
merge(store39total,

merge(store40total,
merge (store4ltotal,
merge(store42total,
merge(store43total,
merge (store44total,
merge(store45total,

storeltotallo,
storeltotalll,
storeltotall2,
storeltotalls,
storeltotall4,
storeltotalls,
storeltotall6,
storeltotall?,
storeltotalls8,
storeltotall9,

storeltotal2o,
storeltotal2l,
storeltotal22,
storeltotal2s,
storeltotal24,
storeltotal2s,
storeltotal26,
storeltotal27,
storeltotal2s8,
storeltotal29,

storeltotal3o,
storeltotal3l,
storeltotal32,
storeltotal3s,
storeltotal34,
storeltotal3s,
storeltotal36,
storeltotal37,
storeltotal3s,
storeltotal39,

storeltotal4o,
storeltotal4l,
storeltotal42,
storeltotal43,
storeltotal44,
storeltotal4s,

by.y="Date")

.y="'Date")
.y='Date')

.y='Date')
'Date’)
ate')
ate')
ate')
ate')

& ate')
.y="Date")

.y="Date"')
.y="Date')
ate')
ate')
.y="Date")
.y="'Date')




A.4 CREATING SUBSETS FOR EACH STORE

Tibrary(plyr)
Tibrary(dplyr)

storel
storel
store2
store2
store3
store3
store4
store4
store5
store5
store6
store6
store7
store7
store8

o

storel %>% rename(’ week1y sales’

storel %>% rename(’'Date’='Group.

store2 %>% rename(’ week1y sales’

store2 %>% rename(’'Date’='Group.

store3 %>% rename('Weekly_sales

store3 %>% rename('Date’'='Group.1l
store4 %>% rename('Weekly_sales'=
store4 %>% rename('Date'='Group.1l'
store5 %>% rename('Weekly_sales'="
store5 %>% rename('Date'="Group.l'
store6 %>% rename('Weekly_sales'="
store6 %>% rename('Date’'='Group.l'
store7 %>% rename('Weekly_sales'="
store7 %>% rename('Date'='Group.1'
store8 %>% rename('Weekly_sales'="
store8 %>% rename('Date’'='Group.l'
store9 %>% rename('Weekly_sales'="
store9 %>% rename('Date'='Group.l'

storel0
storel0
storell
storell
storel2
storel2
storel3
storel3
storel4
storel4
storels
storel5s
storel6
storel6
storel?7
storel?
storels8
storels8
storel9
storel9

store20
store20
store2l
store2l
store22
store22
store23
store23
store24
store24
store25
store25
store26

%>% rename ('Weekly_sales"’
%>% rename('Date'="Group.
%>% rename ('Weekly_sales"’
%>% rename('Date'="Group.
%>% rename ('Weekly_sales"’
%>% rename('Date'="'Group.
%>% rename ('Weekly_sales"’
%>% rename('Date’="Group.
%>% rename ('Weekly_sales"’
%>% rename ('Date’'="Group.
%>% rename ('Weekly_sales”
%>% rename ('Date’'="Group.
%>% rename ('Weekly_sales”
%>% rename ('Date’'="Group.
%>% rename (" week1y sales”
%>% rename ('Date’'="Group.
%>% rename (" week1y sales"
%>% rename ('Date’'="Group.
%>% rename (" week1y sales’
%>% rename('Date’'="Group.

%>% rename ('Weekly_sales”
%>% rename ('Date Group.
%>% rename ('Weekly_sales”
%>% rename('Date’'="Group.
%>% rename ('Weekly_sales”
%>% rename('Date Group.
%>% rename ('Weekly_sales”
%>% rename('Date Group.
%>% rename ('Weekly_sales"
%>% rename ('Date’'="Group.
%>% rename ('Weekly_sales"

% rename('Date Group.

% rename('Weekly_sales"’

I—'III—'III—'III—'III—'III—'III—'IID—'IIl—'lll—'ll

||r—-||r-||r-||r-||v-||v-u

o

install.packages("x1sx™)

write.csv(storel, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel.csv', row.names=FALSE)
rite.csv(store2, 'C: /Users/danie/OneDrive/Desktop/Data Analysis & Decision
proJect/store data/data cleaned_store2.csv', row.names=FALSE)
S5, C: /Users/dan1e/oneDr1ve/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store3.csv', row.names=FALSE)
rite.csv(store4, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store4.csv', row.names=FALSE)
rite.csv(store5, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store5.csv', row.names=FALSE)
rite.csv(store6, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store6.csv', row.names=FALSE)
rite.csv(store7, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store7.csv', row.names=FALSE)
rite.csv(store8, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store8.csv', row.names=FALSE)
rite.csv(store9, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store9.csv', row.names=FALSE)
rite.csv(storel0, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel0.csv', row.names=FALSE)
rite.csv(storell, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storell.csv', row.names=FALSE)
rite.csv(storel2, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel2.csv', row.names=FALSE)
rite.csv(storel3, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel3.csv', row.names=FALSE)
rite.csv(storel4, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel4.csv', row.names=FALSE)
rite.csv(storel5, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel5.csv', row.names=FALSE)
rite.csv(storel6, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel6.csv', row.names=FALSE)
rite.csv(storel7, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel7.csv', row.names=FALSE)
rite.csv(storel8, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel8.csv', row.names=FALSE)
rite.csv(storel9, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_storel9.csv', row.names=FALSE)
rite.csv(store20, 'C: /Users/danie/oneDrive/Desktop/Data Analysis & Decision
pro]ect/store data/data cleaned_store20.csv', row.names=FALSE)
e /Users/dan1e/oneDr1ve/Desktap/Data Analysis & Decision
project/store_data/data_cleaned_store2l.csv', row.names=FALSE)
rite.csv(store22, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store22.csv', row.names=FALSE)
rite.csv(store23, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store23.csv', row.names=FALSE)
rite.csv(store24, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_data/data_cleaned_store24.csv', row.names=FALSE)
rite.csv(store25, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
project/store_ data/data_c1eaned_storezs.csv‘, row.names=FALSE)
rite.csv(store26, 'C:/Users/danie/OneDrive/Desktop/Data Analysis & Decision
pro;ect/store_data/data_c]eaned_storeza.csv‘, row.names=FALSE)
i e /Users/dan1e/oneDr1ve/Desktop/Data Analysis & Decision

o

R R

\'I
2%

Making/project/DADM

Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM

Making/project/DADM

Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM
Making/project/DADM

R e T & ik




A.4 CREATING SUBSETS FOR EACH STORE

all_stores_data <- rbind(storel,
store2,
store3,
store4,
stores,
storeb6,
store7,
stores8,
store9,
storel0,
storell,
storel2,
storel3,
storel4,
storels,
storel6,
storel7,
storels8,
storel9,
store20,
store2l,
store22,
store23,
store24,
store25, d
store26,
e tores_data
store28,
store29,
store30,
store3l,
store32,
store33,
store34,
store3s,
store36,
store37,
store3s,
store39,
store40,
store4l,
store42,
store43,
store44,
store45)




%

S VISUAL ANALYSIS OF ALL STORES sle

TO DETERMINE WHICH STORE TO FOCUS ON

P P i °

—— > .
‘Unemployment All 45 Stores, 2010-2012 Fuel_Price All 45 Stores, 2010-2012 Temperature All 45 Stores, 2010-2012
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Histogram of store13$ Temperature
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Histogram of store13$CPI
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Histogram of store13$Fuel_Price
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