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Rossmann Sales Prediction Using Supervised Models

Problem Statement

Rossmann operates over 3,000 drug stores in 7 European countries. Currently, Rossmann store
managers are tasked with predicting their daily sales for up to six weeks in advance. Store sales are
influenced by many factors, including promotions, competition, school and state holidays,
seasonality, and locality.

With thousands of individual managers predicting sales based on their unique circumstances, the
accuracy of results can be quite varied. You are provided with historical sales data for 1,115
Rossmann stores. The task is to forecast the "Sales" column for the test set. Note that some stores
in the dataset were temporarily closed for refurbishment.

Loading Datasets

* We are working with Rossman Dataset
Most of the fields are self-explanatory. The following are descriptions for those that aren't.

Data fields

® |d - an Id that represents a (Store, Date) duple within the test set

® Store - a unique Id for each store

e Sales - the turnover for any given day (this is what you are predicting)

¢ Customers - the number of customers on a given day

® Open - an indicator for whether the store was open: 0 = closed, 1 = open

e StateHoliday - indicates a state holiday. Normally all stores, with few exceptions, are closed on
state holidays. Note that all schools are closed on public holidays and weekends. a = public
holiday, b = Easter holiday, ¢ = Christmas, 0 = None

® SchoolHoliday - indicates if the (Store, Date) was affected by the closure of public schools

e StoreType - differentiates between 4 different store models: a, b, ¢, d

e Assortment - describes an assortment level: a = basic, b = extra, ¢ = extended

® CompetitionDistance - distance in meters to the nearest competitor store

* CompetitionOpenSince[Month/Year] - gives the approximate year and month of the time the
nearest competitor was opened

® Promo - indicates whether a store is running a promo on that day

® Promo2 - Promo?2 is a continuing and consecutive promotion for some stores: 0 = store is not
participating, 1 = store is participating

* Promo2Since[Year/Week] - describes the year and calendar week when the store started
participating in Promo?2

* Promolnterval - describes the consecutive intervals Promo?2 is started, naming the months the
promotion is started anew. E.g. "Feb,May,Aug,Nov" means each round starts in February, May,
August, November of any given year for that store

import pandas as pd

store_data = pd.read_csv("store.csv")
store_data.head(5)
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Store StoreType Assortment CompetitionDistance CompetitionOpenSinceMonth Competition

0 1 C a 1270.0 9.0
1 2 a a 570.0 11.0
2 3 a a 14130.0 12.0
3 4 C c 620.0 9.0
4 5 a a 29910.0 4.0

train_data = pd.read_csv("train.csv")
train_data.head(5)

C:\Users\lenovo\AppData\Local\Temp\ipykernel 20376\1925426325.py:1: DtypeWarning: Columns
(7) have mixed types. Specify dtype option on import or set low_memory=False.
train_data = pd.read_csv("train.csv")

Store DayOfWeek Date Sales Customers Open Promo StateHoliday SchoolHoliday

0 1 5 (2)31351 5263 555 1 1 0 1
1 2 5 (2)31351 6064 625 1 1 0 1
2 3 5 (2)31351 8314 821 1 1 0 1
3 4 5 (2)31351 13995 1498 1 1 0 1
4 5 5 (2)(7”351 4822 559 1 1 0 1

test_data = pd.read_csv("test.csv")
test_data = test_data.drop(columns= "Id")

test_data
Store DayOfWeek Date Open Promo StateHoliday SchoolHoliday
0 1 4 2015-09-17 1.0 1 0 0
1 3 4 2015-09-17 1.0 1 0 0
2 7 4 2015-09-17 1.0 1 0 0
3 8 4 2015-09-17 1.0 1 0 0
4 9 4 2015-09-17 1.0 1 0 0
41083 1111 6 2015-08-01 1.0 0 0 0
41084 1112 6 2015-08-01 1.0 0 0 0
41085 1113 6 2015-08-01 1.0 0 0 0
41086 1114 6 2015-08-01 1.0 0 0 0
41087 1115 6 2015-08-01 1.0 0 0 1
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41088 rows x 7 columns

We can merge the two data frames to get a richer set of features for each row of the training set.

merged_train_data = train_data.merge(store_data, how = "left", on="Store")

merged_train_data

Store DayOfWeek

0 1 5
1 2 5
2 3 5
3 4 5
4 5 5
1017204 1111 2
1017205 1112 2
1017206 1113 2
1017207 1114 2
1017208 1115 2

1017209 rows x 18 columns

Let's do for test dataset also.

Date

2015-
07-31

2015-
07-31

2015-
07-31

2015~
07-31

2015~
07-31

2013-
01-01

2013-
01-01

2013-
01-01

2013-
01-01

2013-
01-01

Sales Customers Open

5263

6064

8314

13995

4822

555
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821
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Promo StateHoliday SchoolHolid:

1 0
1 0
1 0
1 0
1 0
0 a
0 a
0 a
0 a
0 a

merged_test_data = test_data.merge(store_data, how= 'left', on= "Store")

merged_test_data

Store DayOfWeek Date
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4

41088 rows x 16 columns

Exploratory Data Analysis and Visualization

1. Cleaning Data

The first step is to check the column data types and identify if there are any null values. Or any
Duplicate values.

Missing data includes None, NaN, Null . When we are dealing with missing values using Pandas, we
don't need to differentiate them because Pandas use NaN internally for simplicity. However, it's

2015~
09-17

2015-
08-01

2015-
08-01

2015~
08-01

2015-
08-01

2015-
08-01

1.0 1
1.0 0
1.0 0
1.0 0
1.0 0
1.0 0

better to have a deeper understanding of it.

e NaN: Not a Number

NaN is a missing floating-point value, a special value that is part of the IEEE floating-point

specification.

* None: A Python Object

None is a Python Object called NoneType.

® Null: Python uses None in place of null

Null is a value which you can use when you yourself want assign a empty value to a variable.

# It displays a summary of the dataset, including the number of rows and columns,
# the column names, and the data types of each column.
merged_train_data.info()

<class 'pandas.core.frame.DataFrame'>

Int64Index: 1017209 entries, © to 1017208
Data columns (total 18 columns):
#  Column

0 Store

1 DayOflWeek

2 Date

Non-Null Count

1017209 non-null
1017209 non-null
1017209 non-null

inte4
int64
object
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Sales 1017209 non-null
Customers 1017209 non-null
Open 1017209 non-null
Promo 1017209 non-null
StateHoliday 1017209 non-null
SchoolHoliday 1017209 non-null
StoreType 1017209 non-null
Assortment 1017209 non-null
CompetitionDistance 1014567 non-null

CompetitionOpenSinceMonth 693861 non-null
CompetitionOpenSinceYear 693861 non-null

Promo2 1017209 non-null
Promo2SincelWeek 509178 non-null
Promo2SinceYear 509178 non-null
PromoInterval 509178 non-null

dtypes: float64(5), int64(8), object(5)
memory usage: 147.5+ MB

inte4
inte4
inte4
inte4
object
int64
object
object
float64
float64
float64
inte4
float64
float64
object

It appears that there are many null values almost 50% data are numm in some columns.

Understanding these categories will give you with some insights into how to approach the missing

value(s) in your dataset.

Among the categories are:

due to specific circumstances or not.

ignorable data.

Methods to deal with null values are:

1. Deleting the Missing Values.

2. Imputing the 3M's i.e. Mean, Median or Mode in place of Missing Values .

3. Imputing the Missing Values for Categorical Features.

4. Imputing the Missing Values using Sci-kit Learn Library.

5. Using "Missingness” as a Feature.

# rounding the values in the transposed summary statistics of the
round(merged_train_data.describe().T,2)

count mean
Store 1017209.0 558.43

DayOfWeek 1017209.0 4.00

std min
321.91 1.0
2.00 1.0

Sales 1017209.0 5773.82 3849.93 0.0

Customers 1017209.0 633.15
Open 1017209.0 0.83
Promo 1017209.0 0.38

SchoolHoliday 1017209.0 0.18

464.41 0.0
0.38 0.0
0.49 0.0
0.38 0.0

CompetitionDistance 1014567.0 5430.09 7715.32 20.0

CompetitionOpenSinceMonth  693861.0 7.22
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Promo2 1017209.0 0.50 0.50 0.0 0.0 1.0 1.0 1.0
Promo2SinceWeek 509178.0 23.27 14.10 1.0 13.0 22.0 37.0 50.0

Promo2SinceYear 509178.0 2011.75 1.66 2009.0 2011.0 2012.0 2013.0 20150

These ranges seems reasonable as there is no abnormality in dataset.

® For example, we can see our min sales is 0, hence we have positive sales, as there are no
negative values. So no negative sales. Which is good.

® But, as a DA or DS we have to look on each aspects carefully, as what are the reason that there
is -ve sale on a particular day maybe there was a huge recall of particular kind of product you
were selling because of some issue or side effect. Everyone was facing it that why they came to
return it or replace the product and no sales were made.

® Point is there can be any reason it either depends on the sales man perspective or insights and
your domain knowledge.

® Most importantly if this is the case then you have to exclude that data because that is not the
represenatative of what happens on a general day to day basis. So this can cause bias in the
dataset.

¢ Thirdly, O is an interesting value that why there is 0 zero on a particular day, maybe because the
store is not open on those days due to hoildays. This depends on the stakeholders that do we
need to include this zero sales in the model or handle as a special case. Because it seems that it
is total waste of time and gpu when "Open" = 0 and "Sales" = 0.

# Checking duplicate data
print("There are", merged_train_data.duplicated().sum(), "duplicated data.")
There are © duplicated data.

Removing or keeping dupllicate data solely depends on problem statement and stakeholders.

# parsing the date column

merged_train_data["Date"] = pd.to_datetime(merged_train_data.Date)

merged_train_data.Date.min(), merged_train_data.Date.max()

(Timestamp('2013-01-01 00:00:00'), Timestamp('2015-07-31 00:00:00'))

# Similarly for test dataset

merged_test_data[ "Date"] = pd.to_datetime(merged_test_data.Date)
merged_test_data.Date.min(), merged_test_data.Date.max()

(Timestamp('2015-08-01 00:00:00'), Timestamp('2015-09-17 00:00:00"))

Conclusion made are:
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* We are working with correct data as we are training are model based on datasets of 2013 and
2015(july) whereas the test will be done on future data i.e. data of 2015 (aug-sept).

* We are testing on a dataset of only a month and half, which cannot be a good predictor of the
model's performance in the real world. According to me test should be perdorm on atleast a
year of data for better modeling of data.

* Oryou can just go and discuss to your manager about the shortage of dataset and its right
distribution/split of testa and test or that what if we only make a model that predict the output
of one and the half month and this will go for a year. And once we have a year data we can
build another model to make predictions of the year data.

To make our modeling simple, let's simply exclude the dates when the store was closed (we can

handle it as a special case while making predictions).

merged_train_data = merged_train_data[merged_train_data.Open == 1].copy()

merged_train_data

Store DayOfWeek Date Sales Customers Open Promo StateHoliday SchoolHolid:

2015-

0 1 5 o737 5263 555 1 1 0
2015-

1 2 5 4731 6064 625 1 1 0
2015-

2 3 5 4737 8314 821 1 1 0
2015-

3 4 5 4737 13995 1498 1 1 0
2015-

4 5 5 7.3 4822 559 1 1 0

1016776 682 2 2913 3355 566 1 0 a
01-01

1016827 733 2 29 40765 2377 1 0 a
01-01

1016863 769 2 20 g3 1248 1 0 a
01-01

1017042 948 2 2913 01 1039 1 0 a
01-01

1017190 1097 2 (2)?131 5961 1405 1 0 a

844392 rows x 18 columns

Exploratory Data Analysis and Visualization
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In [14]:

In [15]:
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Objectives of exploratory data analysis:

® Gather insights about the problem and the dataset

e Study the distributions of individual columns (uniform, normal, exponential)

* Detect anomalies or errors in the data (e.g. missing/incorrect values)

¢ Study the relationship of target column with other columns (linear, non-linear etc.)
® Baiscally, Come up with ideas for preprocessing and feature engineering

import matplotlib

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns
%matplotlib inline

sns.set_style('darkgrid")
matplotlib.rcParams['font.size'] = 14
matplotlib.rcParams['figure.figsize']

= (10, 6)
matplotlib.rcParams['figure.facecolor'] =

'#00000000"

Sales Distribution

sns.histplot(data=merged_train_data, x = "Sales")
plt.title("Sales Distribution™)
plt.show()

Sales Distribution

10000
8000
6000
4000

2000

Sales
Conclusions made are:
* We get a fairly smooth gussian curve after excluding 0 from data.

* This graph suggests that 40% of are sales are under $10K that is contribute by many
customers.

® But as the sales increases our number of customers decreases. This is fair because we generally

have 10-20% of elite customers if we are dealing with all types of products

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb
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# We can find the columns that are correlated to "Sales" - Target column

merged_train_data.corr()['Sales'].sort_values(ascending=False)

Sales 1.000000
Customers 0.823597
Promo 0.368145
Promo2SinceWeek 0.095311
SchoolHoliday 0.038617
CompetitionOpenSinceYear 0.016101
Store 0.007710
Promo2SinceYear -0.034713
CompetitionDistance -0.036396
CompetitionOpenSinceMonth -0.043489
Promo2 -0.127596
DayOfleek -0.178736
Open NaN

Name: Sales, dtype: float64

Sales Vs Customers

plt.figure(figsize=(15,8))

temp_df = merged_train_data.sample(50000)

sns.scatterplot(x=temp_df.Sales, y=temp_df.Customers, hue=temp_df.Date.dt.year, alpha=0.
plt.title("Sales Vs Customers")

plt.show()
Sales Vs Customers
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Conclusions made are:

® There is a positive correlation between sales and customers. This means that as the number of
customers increases, sales also increase. Also, from Scatter plot it is clear that the 2K customers
are responsible for large chunk of sales from approximately 5kto15k.

® As there is a strong correlation between more customers more sales. Obviously not necessarily
always true because sometimes even few customers spend more. There are a few outliers in the
data. These outliers are data points that do not follow the general trend of the data. The two

outliers in this graph are from 2015 and have the highest sales and the most customers.

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb
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® But certainly we cannot take this column into consideration for model building because it is
inevitable to know or predict how many customers can come in a day. It is important to
consider the reasons for the outliers when making decisions about sales and marketing. For
example, the outliers in this graph could be due to a one-time event, such as a special
promotion or the launch of a new product.

Sales Per Store

plt.figure(figsize=(18,8))

temp_df = merged_train_data.sample(50000)

sns.scatterplot(x=temp_df.Store, y=temp_df.Sales, hue=temp_df.Date.dt.year, alpha=0.8)
plt.title("Stores Vs Sales")

plt.show()
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Conclusions made are:

® We have around 1200 stores and for each stores we have just plotted the sales based on a

paticular days.

® It is really noisy because there are thousands of stores, but each vertical line will represent a

store.
® The sales may fluctuate based on a single store (it can be high as well as low) on a certain day.
* Even after this most stores have sales btw /5Kto/12k.
* Note: | also plotting a barplot but it was taking too mcuh time maybe because of large amount

of data.

Sales Vs Day of Week

sns.barplot(data= merged_train_data, x = "DayOfWeek", y= "Sales")
plt.title("Sales Vs Day of Week")
plt.show()

Sales Vs Day of Week

onnn I *

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb

21/36



1/28/24, 1:29 PM

In [20]:
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ML-Cheat-Codes/XGBoost/rossmann_sales.ipynb at main - nikitaprasad21/ML-Cheat-Codes

1 2 3 4 5 6 7

DayOfWeek

ouuy

7000

600

o

500

o

4000

3000

200

o

1000

o

Conclusions made are:
® Here, 7th and 1st day are Saturday and Sunday respectively, hence more sales is sensible.
¢ But why Friday has lower sales is doubtful.

® Other days are doing good so no problem there.

Sales Vs Promo Day

sns.barplot(data=merged_train_data, x='Promo', y='Sales')
plt.title("Sales Vs Day of Promo")
plt.show()

Sales Vs Day of Promo
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COINCIUSIONS maue dre:

* Promotion seems to be an important factor of "Sales". As sales is higher on promotion day and

vice versa.

® There is almost 20% increase in seals during the days of promotions.

merged_train_data["Promo"].unique()

array([1, @], dtype=int64)

merged_train_data[ 'Promo’'] = np.where(merged_train_data.Promo == 1,"a","b")
merged_train_data

Store DayOfWeek Date Sales Customers Open Promo StateHoliday SchoolHolid:

2015-

0 1 5 o0 5263 555 1 a 0
2015-

1 2 5 201 6064 625 1 a 0
2015-

2 3 5 o0 8314 821 1 a 0
2015-

3 4 5 o0 13995 1498 1 2 0
2015-

4 5 5 201 4822 559 1 " 0
2013-

1016776 682 2 25 37 566 1 b a

1016827 733 > 2013 40765 2377 1 b a
01-01

1016863 769 > 2013 535 1248 1 b a
01-01

1017042 948 o 2013 440 1039 1 b a
01-01

1017190 1097 2 (2)(1”31 5961 1405 1 b a

844392 rows x 18 columns

merged_train_data[ "DayOfWeek"].unique()

array([5, 4, 3, 2, 1, 7, 6], dtype=int64)

# Create a mapping dictionary for day names
day_mapping = {

1: "Mon",
2: "Tue",
3: "Wed",
4: "Thu".

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb 23/36
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5: "Fri",

-

6: "Sat",
7: "Sun"

}

# Replace numerical values with day names
merged_train_data["DayOfWeek"] = merged_train_data["DayOfiWeek"].replace(day_mapping)

ML-Cheat-Codes/XGBoost/rossmann_sales.ipynb at main - nikitaprasad21/ML-Cheat-Codes

merged_train_data

Store DayOfWeek

1016776

1016827

1016863

1017042

1017190 1

682

733

769

948

097

Fri

Fri

Fri

Fri

Fri

Tue

Tue

Tue

Tue

Tue

844392 rows x 18 columns

merged_train_data["StateHoliday"].unique()

array(['0",

# Convert

# merged_train_data[ "StateHoliday"] = merged_train_data[ "StateHoliday"].replace('0’', 0).

a

9

1 Tt
3 b ' ]

'c', 0], dtype=object)

Date

2015-
07-31

2015~
07-31

2015-
07-31

2015-
07-31

2015-
07-31

2013-
01-01

2013-
01-01

2013-
01-01

2013-
01-01

2013-
01-01

values to 1int

Sales Customers Open Promo StateHoliday SchoolHolid:

5263

6064

8314

13995

4822

3375

10765

5035

4491

5961

555 1
625 1
821 1
1498 1
559 1
566 1
2377 1
1248 1
1039 1
1405 1

# Replace © with a specific value, for example, 'NotHoliday'
replacement_value =

# Verify the changes
print(merged_train_data["StateHoliday"].unique())

"NotHoliday'
merged_train_data["StateHoliday"]
merged_train_data["StateHoliday"]

= merged_train_data["StateHoliday"].replace('0"', repla
merged_train_data["StateHoliday"].replace(@, replace
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[ "NotHoliday"' 'a' 'b' 'c']

merged_train_data["StoreType"].unique()

array(['c', 'a', 'd', 'b'], dtype=object)

merged_train_data["Assortment"].unique()

array(['a', 'c', 'b"'], dtype=object)

merged_test_data

Store DayOfWeek Date Open Promo StateHoliday SchoolHoliday StoreType Assort

0 1 4 (Z)gf; 1.0 1 0 0 c
13 a o> 10 1 0 0 a
2 7 4 ngf; 1.0 1 0 0 a
3 8 4 ggjf; 1.0 1 0 0 a
a9 a 2 10 1 0 0 a
41083 1111 6 (2)2}31_ 1.0 0 0 0 a
41084 1112 6 ngé’{ 1.0 0 0 0 c
41085 1113 6 ;21)51' 1.0 0 0 0 a
41086 1114 6 (2)21051' 1.0 0 0 0 a
41087 1115 6 (Z,gjg{ 1.0 0 0 1 d

41088 rows x 16 columns

merged_test_data["Promo"].unique()

array([1, @], dtype=int64)

merged_test_data[ 'Promo’'] = np.where(merged_test_data.Promo == 1,"a","b")
merged_test_data

Store DayOfWeek Date Open Promo StateHoliday SchoolHoliday StoreType Assort
(] 1 4 201 4y a 0 0 c
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41084

41085

41086

41087

1111
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09-17

2015-
09-17

2015-
09-17

2015~
09-17

2015-
09-17

2015-
08-01

2015-
08-01

2015-
08-01

2015-
08-01

2015-
08-01

41088 rows x 16 columns

1.0 a 0 0 a
1.0 a 0 0 a
1.0 a 0 0 a
1.0 a 0 0 a
1.0 b 0 0 a
1.0 b 0 0 C
1.0 b 0 0 a
1.0 b 0 0 a
1.0 b 0 1 d

merged_test_data[ "DayOfWeek"].unique()

array([4, 3, 2, 1, 7, 6, 5], dtype=int64)

# Create a mapping dictionary for day names
day_mapping = {

1:

}

Nou bhwWwN

"Mon
"Tue

"
3

n
3

"Wed",
"Thu",

"Fri

n
B

"Sat",

"Sun

# Replace numerical values with day names
merged_test_data[ "DayOflWeek"] = merged_test_data["DayOfWeek"].replace(day_mapping)

merged_test_data[ "StateHoliday"].unique()

array(['0",

# Convert '0'

'a'], dtype=object)

values to int

# merged_train_data[ "StateHoliday"] = merged_train_data[ "StateHoliday"].replace('0', 0).

# Replace © with a specific value, for example, 'NotHoliday'
replacement_value =

merged_test_data[ "StateHoliday"]

"NotHoliday'

= merged_test_data["StateHoliday"].replace('0', replace

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb

26/36



1/28/24, 1:29 PM

In [37]:

out[37]:

In [38]:

Out[38]:

In [39]:

In [40]:

In [41]:

Sales
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# Verify the changes
print(merged_test_data["StateHoliday"].unique())

[ "NotHoliday' 'a']

merged_test_data[ "StoreType"].unique()
array(['c', 'a', 'd', 'b'], dtype=object)

merged_test_data[ "Assortment"].unique()

array(['a', 'c', 'b'], dtype=object)

Feature Engineering

Feature engineer is the process of creating new features (columns) by transforming/combining

existing features or by incorporating data from external sources.

For example, here are some features that can be extracted from the "Date" column:

1. Day of week

2. Day or month

3. Month

4. Year

5. Weekend/Weekday
6. Month/Quarter End

merged_train_data[ 'Day'] = merged_train_data.Date.dt.day
merged_train_data[ ‘Month'] = merged_train_data.Date.dt.month
merged_train_data[ 'Year'] = merged_train_data.Date.dt.year

merged_test_data[ 'Day'] = merged_test_data.Date.dt.day
merged_test_data[ "Month'] = merged_test_data.Date.dt.month
merged_test_data[ 'Year'] = merged_test_data.Date.dt.year

Sales Per Year

sns.barplot(data=merged_train_data, x='Year', y='Sales')
plt.title("Sales Per Year")
plt.show()

Sales Per Year

7000

6000

5000
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Conclusions made are:
e Qur sales is increasing Year by Year. This can be said because we have only 7 months data for

2015 but in those 7 months only er have almost same sales as last year.

® This is a good news fro our sales.

Sales Per Month

sns.barplot(data=merged_train_data, x='Month', y='Sales')

In [42]:
plt.title("Sales Per Month")

plt.show()
Sales Per Month
8000
6000

W

o

3 4000

2000
0
3 4 5 6 7 8 9 10 11 12
Month

Conclusions made are:
* We have highest sales in the month of "December". May be because of festival season promos,

etc.
® For other months we have fluctuating/ unstable graph, which is difficult to predict sales.

28/36
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The data already contains a test set, which contains over one month of data after the end of the
training set. We can apply a similar strategy to create a validation set. We'll the last 25% of rows for
the validation set, after ordering by date

# Here I find the length of the merged train data
len(merged_train_data)

844392

# Here I find out the 75% of train data
train_size = int(0.75 * len(merged_train_data))
train_size

633294

# Sorting the train merged data based on "Date"
sorted_data = merged_train_data.sort_values("Date")

# Dividing the dataset into train as well as validation data

train_df, val_df = sorted_data[:train_size], sorted_data[train_size:]

# Just checking the correct timeline of train data
train_df.Date.min(), train_df.Date.max()

(Timestamp('2013-01-01 00:00:00'), Timestamp('2014-12-10 00:00:00"'))

# Similarly Checking the timeline of test data if it is correct or not
val_df.Date.min(), val_df.Date.max()

(Timestamp('2014-12-10 00:00:00'), Timestamp('2015-07-31 00:00:00"'))

# Ler's Check the Columns
train_df.columns

Index(['Store', 'DayOfWeek', 'Date', 'Sales', 'Customers', 'Open', 'Promo’,
'StateHoliday', 'SchoolHoliday', 'StoreType', 'Assortment’,
'CompetitionDistance', 'CompetitionOpenSinceMonth’,
'CompetitionOpenSinceYear', 'Promo2', 'Promo2SinceWeek’,
'Promo2SinceYear', 'PromoInterval', 'Day', 'Month', 'Year'],

dtype="object"')

Input and Target columns

Let's also identify input and target columns. Note that we can't use the no. of customers as an
input, because this information isn't available beforehand. Also, we needn't use all the available
columns, we can start out with just a small subset.

input_cols = ['Store', 'DayOfWeek', 'Promo', 'StateHoliday', 'StoreType', 'Assortment’,

target_col = "Sales"

Let's also separate out numeric and categorical columns.

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb 29/36
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merged_train_data[input_cols].nunique()

[y
=
=
Ul

Store
DayOfiWeek
Promo
StateHoliday
StoreType
Assortment
Day

Month

Year

dtype: inté64

w

[y
WN R Wb

train_inputs = train_df[input_cols].copy()
train_targets = train_df[target_col].copy()

train_inputs["StateHoliday" ].unique()

array(['a', 'NotHoliday', 'b', 'c'], dtype=object)

val_inputs = val_df[input_cols].copy()
val_targets = val_df[target_col].copy()

test_inputs = merged_test_data[input_cols].copy()
# Test data does not have targets

Note that some columns can be treated as both numeric and categorical, and it's up to you to

decide how you want to deal with them.

numeric_cols = ['Store', 'Day', 'Month', 'Year']

categorical_cols = ['DayOfWeek', 'Promo', 'StateHoliday',

categorical_cols

[ 'DayOfWeek', 'Promo', 'StateHoliday', 'StoreType',

train_inputs

'StoreType',

'Assortment’ ]

Store DayOfWeek Promo StateHoliday StoreType Assortment

1017190 1097 Tue b a
1016179 85 Tue b a
1016353 259 Tue b a
1016356 262 Tue b a
1016368 274 Tue b a
256632 745 Wed b NotHoliday
256642 756 Wed b NotHoliday
256634 747 Wed b NotHoliday

b

b

b

Day

10
10

10

Month

12
12

12

'Assortment’]

Year

2013

2013

2013

2013

2013

2014

2014

2014
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256633 746 Wed b NotHoliday d c 10 12 2014

256636 749 Wed b NotHoliday a a 10 12 2014

633294 rows x 9 columns

Imputation, Scaling and Encode

Let's impute missing data from numeric columns.

from sklearn.impute import SimpleImputer

imputer = SimpleImputer(strategy="mean').fit(train_inputs[numeric_cols])

train_inputs[numeric_cols] = imputer.transform(train_inputs[numeric_cols])
val_inputs[numeric_cols] = imputer.transform(val_inputs[numeric_cols])
test_inputs[numeric_cols] = imputer.transform(test_inputs[numeric_cols])

Note: We can apply a different imputation strategy to different columns depending on their
distributions (e.g. mean for normally distribute and median for exponentially distributed).

Let's also scale the values to the (0, 1) range.

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler().fit(train_inputs[numeric_cols])

train_inputs[numeric_cols] = scaler.transform(train_inputs[numeric_cols])
val_inputs[numeric_cols] = scaler.transform(val_inputs[numeric_cols])
test_inputs[numeric_cols] = scaler.transform(test_inputs[numeric_cols])

train_inputs.columns

Index([ 'Store', 'DayOfWeek', 'Promo', 'StateHoliday', 'StoreType',
'Assortment', 'Day', 'Month', 'Year'],
dtype="object")

train_inputs[numeric_cols]

Store Day Month Year
1017190 0983842 0.0 0.0 00
1016179 0.075404 0.0 00 00
1016353 0231598 0.0 00 00
1016356 0.234291 0.0 0.0 00

1016368 0.245063 0.0 00 00

256632 0.667864 0.3 1.0 1.0

256642 0.677738 0.3 1.0 1.0
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256634 0.669659 0.3 10 10
256633 0.668761 0.3 1.0 10
256636 0.671454 0.3 1.0 10

633294 rows x 4 columns

train_inputs[categorical_cols]

DayOfWeek Promo StateHoliday StoreType Assortment

1017190 Tue b a b b
1016179 Tue b a b a
1016353 Tue b a b b
1016356 Tue b a b a
1016368 Tue b a b b
256632 Wed b NotHoliday a a
256642 Wed b NotHoliday a C
256634 Wed b NotHoliday c C
256633 Wed b NotHoliday d C
256636 Wed b NotHoliday a a

633294 rows x 5 columns

Finally, let's encode categorical columns as one-hot vectors.

# dummy_data = pd.get_dummies(train_inputs[[ 'DayOfWeek', 'Promo', 'StateHoliday', 'Store
#)
# dummy_data.head()

train_inputs[categorical_cols].nunique()

DayOfiWeek
Promo
StateHoliday
StoreType
Assortment
dtype: inté64

w s BN

from sklearn.preprocessing import OneHotEncoder

encoder = OneHotEncoder(sparse=False, handle_unknown="'ignore').fit(train_inputs[categori
encoded_cols = list(encoder.get_feature_names_out(categorical_cols))

# train_inputs[encoded cols] = pd.get_dummies(train_inputs[[ 'DayOfWeek', 'Promo', 'State
# val_1inputs[encoded cols] = pd.get_dummies(val_inputs[[ 'DayOfiWeek', 'Promo', 'StateHoli
# test_inputs[encoded_cols] = pd.get_dummies(test_inputs[[ 'DayOfWeek', 'Promo', 'StateH

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb
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train_inputs[encoded_cols] = encoder.transform(train_inputs[categorical_cols])
val_inputs[encoded_cols] = encoder.transform(val_inputs[categorical_cols])
test_inputs[encoded_cols] = encoder.transform(test_inputs[categorical_cols])

Explore the scikit-learn preprocessing module: https://scikit-
learn.org/stable/modules/preprocessing.html

Let's now extract out the numeric data.

X_train = train_inputs[numeric_cols + encoded_cols]
X_val = val_inputs[numeric_cols + encoded_cols]
X_test = test_inputs[numeric_cols + encoded_cols]

A quick baseline model helps establish the minimum score any ML model you train should achieve.

Fixed/Random Guess

Let's define a model that always returns the mean value of Sales as the prediction.

def return_mean(inputs):
return np.full(len(inputs), merged_train_data.Sales.mean())

train_preds = return_mean(X_train)
train_preds

array([6955.51429076, 6955.51429076, 6955.51429076, ..., 6955.51429076,
6955.51429076, 6955.51429076])

Let's evaluate this to using the RMSE score.

from sklearn.metrics import mean_squared_error
print("Train RMSE:", (mean_squared_error(train_preds, train_targets, squared=False)))
print("Validation RMSE:", (mean_squared_error(return_mean(X_val), val_targets, squared=F

Train RMSE: 3082.450443277419
Validation RMSE: 3168.6033635047716

The model is off by about $3000 on average.

Let's try another model.

Linear Models

Read about linear models here: https://scikit-learn.org/stable/modules/linear_model.html

from sklearn.linear_model import LinearRegression, Ridge, Lasso, ElasticNet, SGDRegresso

The we have fit the model, the model can now be used to make predictions. Note that the
parameters of the model will not be updated during prediction.

Let's define a function try_model , which takes a model, then performs training and evaluation.

Adaf tnii AT L AT N
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# Fit the model
model.fit(X_train, train_targets)

# Generate predictions
train_preds = model.predict(X_train)
val_preds = model.predict(X_val)

# Compute RMSE

train_rmse = mean_squared_error(train_targets, train_preds, squared=False)
val_rmse = mean_squared_error(val_targets, val_preds, squared=False)
return train_rmse, val_rmse

print("LinearRegression RMSE:", (try_model(LinearRegression())))
print("Ridge RMSE:", (try_model(Ridge())))

print("Lasso RMSE:", (try_model(Lasso())))

print("ElasticNet RMSE:", (try_model(ElasticNet())))
print("SGDRegressor RMSE:", (try_model(SGDRegressor())))

LinearRegression RMSE: (2741.6151564591687, 2818.6208020481854)
Ridge RMSE: (2741.5871950814444, 2817.7784665409863)

Lasso RMSE: (2741.7143904423046, 2817.947292467132)

ElasticNet RMSE: (2879.0432606713075, 2972.665944772612)
SGDRegressor RMSE: (2741.735781029862, 2819.2298960871985)

Tree Based Models

¢ Decision trees: https://scikit-learn.org/stable/modules/tree.html

¢ Random forests and gradient boosting: https://scikit-learn.org/stable/modules/ensemble.html

from sklearn.tree import DecisionTreeRegressor, plot_tree

tree = DecisionTreeRegressor(random_state=42)
try_model(tree)

(0.0, 1595.937191783755)

Seems like the decision tree performs much better than linear models.

plt.figure(figsize=(40, 20))
plot_tree(tree, max_depth=3, filled=True, feature_names=numeric_cols+encoded_cols);

https://github.com/nikitaprasad21/ML-Cheat-Codes/blob/main/XGBoost/rossmann_sales.ipynb
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Let's try a random forest.

from sklearn.ensemble import RandomForestRegressor

rf = RandomForestRegressor(random_state=42, n_jobs=-1)
try_model(rf)

(474.9717676695841, 1373.0408412415534)

We've seen a significant reduction in the loss by using a random forest.

X_train.columns

Index(['Store', 'Day', 'Month', 'Year', 'DayOfWeek_Fri', 'DayOfWeek_Mon',
'DayOfWeek_Sat', 'DayOfWeek_Sun', 'DayOfWeek_Thu', 'DayOflWeek_Tue',
'DayOfWeek_Wed', 'Promo_a', 'Promo_b', 'StateHoliday_NotHoliday',
'StateHoliday_a', 'StateHoliday_b', 'StateHoliday c', 'StoreType_a',
'StoreType_b', 'StoreType_c', 'StoreType_d', 'Assortment_a’,
'Assortment_b', 'Assortment_c'],

dtype="object")

rf.feature_importances_

array([6.07350959e-01, 4.87951725e-02, 4.71301094e-02, 9.31018950e-03,
5.72984192e-03, 3.37101547e-02, 6.95913381e-03, 4.48987960e-03,
.10148773e-03, 4.41149287e-03, 2.43822222e-03, 5.8346926%¢e-02,
.05201285e-02, 1.18016192e-03, 2.15525999%e-04, 2.67800094e-05,
.69783400e-05, 1.43204832e-02, 2.25658314e-02, 1.05710188e-02,
.34606293e-02, 8.38114262e-03, 5.53511672e-03, 1.24326325e-02])

= = 00N

importance_df = pd.DataFrame({

'feature': numeric_cols+encoded_cols,
"importance': rf.feature_importances_
}).sort_values('importance', ascending=False)

importance_df.head(10)

feature importance

0 Store 0.607351
12 Promo_b 0.080520
1 Promo_a 0.058347

1 Day 0.048795

2 Month 0.047130

5 DayOfWeek_Mon 0.033710
18 StoreType_b 0.022566
17 StoreType_a 0.014320
20 StoreType_d 0.013461

23 Assortment_c 0.012433

sns.barplot(data=importance_df.head(10), x='importance', y='feature');
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importance
The above chart can be presented to non-technical stakeholders to explain how the model arrives

at its result. For greater explainability, a single decision tree can be used.

test_preds = rf.predict(X_test)
test_preds

array([ 4242.32, 7690.13, 8785.78, ..., 5949.99, 20806.66, 6751.59])

Generating scores on the test set.
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