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Agenda Skill academy

e Data Exploration (Using Excel & Python)
e Datainsights (Excel & Python)
e EDA Graphs

e Graphical Analysis and conclusion on Data

e Data Cleaning & Pre-Processing Steps
e ML Modeling
e Model Test Evaulation & Prediction Analysis

e Deployment of ML Models using Streamlit



Data Exploration (Using Excel) Skill academy

Basic Analysis Using Excel Sheet
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Basic Dot Anlss Using xcel * The Dataset contains 8 rows & 4240 columns showing the
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Data Exploration (Using Python)

Step 1 - Import Library & Read File Step 2 - Basic Data Lookup

2. Module Imports o df - IOadS the
: & data frame we

pandas pd

numpy np name year selling price km driven fuel seller type transmission  owner H
S— @ gave while

matplotlib.pyplot plt
Xmatplotlib inline

:OEK;;EE;ZM ,;,,,,t bc?u:tcr . Maruti 800 AC 2007 0000 70000 Petr ndvidua Manua |Oadlng the CSV
B & displays data.

warnings
10 warnings.filterwarnings(

2.1) Importing the dataset (With error handling) - i e o dehape & deIZG
: : — gives the rows &

i A RS e~ e aneme column info

; ’ df.head & df.tail —
i : displays 5 values
S e S i ’ from top & bottom
: R of dataset
df.info — gives the
information about
the column its
datatype and null
values.

pd.read_csv(file_path)

file_name

‘CAR DETAILS.csv' loaded succ




skill academy

Data Insights (Using Python)

Step 3 - Data Checks Step 4 - Data Pre-Processing

Extracting Car Manufacturer, Model & Variant Name from Car Name (To do more In-depth analysis) Step 3 — We do

basic checks to
7 v : v find null,
e Ve e s duplicates, NA,
SRR unique values in
df_name_split = df_dup_dropped.copy() dataset.
S S o o ety We also find the

car_names = df_dup_dropped[ ]

(total_pissing_vaiuss / total 'LT| ses) * 108 S b Categoncal

1 1
P )] words = name.split()

o arasy =iy columns &

brand, model, variant = words

e i statistics to get

model

5_0up_oroppes — of.arop_duplicates() reset_index(aroprie) variant = . info about
T o e s e S .
ST el o numerical data.
o= model = .join(words[1:2])
A vdr:d'ﬂ - .)Jci::nums:.‘:n Step 4 - We Pre'
P e ey e ) process the data
ZoE % : and handle the
model = .join(words[1:-1]) .
e ot acian features like
0. pame. spL1L1{"brond", ~model ~variant-1] = pd.Dutarrame{car.pames. pply(spLLE carsame) ASLi=EC) splitting name into
7)Jv‘immispln.avop((olu'nr\s[ se"], inplacesTrue) mode|, brand,
variant to do
R esiaperyoery analysis.
year selling price km driven  fuel seller_type transmission owner  brand Dropped the name

27 70000 Petrol  Individual Ma’\ua! FirstOwner  Maruti I Column after Sp“t

valu . nullval)

tatal missing values = df dup_dropped.isnull().sum().sum()
("The numb g values/na 1 rame ", total_missing_values) )

( i ar tca
(df.duplicated(})
( uplicated , df.duplicated().sum())

€

(categorical_columns)




Data Insights (Using Python) Skill academy

Step 5 - Adjusting Data Insights :

S - Data Exploration is very useful step in the process of
analytics and model building as it helps us to remove

ol iy membn e b ok st any redundant data & also construct new features to

' ' R enhance the analysis and model building.

* In the data exploration part we eye-ball the data to
look at features that help us in analysis and model
formation and help us to remove any unnecessary
junk from our data.

* Most times the data from sources is not cleaned so

data cleaning is an important part of the analysis

e e e T work.

» Gathering and exploring data and finding meaningful
insights helps us to analyse and train the model more

_price km_driven  fuel seller_type transmission owner brand model variant effICIentI
225000 40000 Petrol  Individual Manual First Owner Renault KWID RXT y

* In the step given on the side we adjusted the column

names such that the newly added feature at the end
g are given index value & adjusted likewise selling price
being target we move it to end.

Changing the case of column names

ing Price Km_Driven Fuel Seller Type Transmission Owner Brand Model Variant




Data insights

Basic Info On Dataset

(4340, 8)
34720
Rows: 4349, Columns: 8

Dataset information for CAR DETAILS.csv:

Dataset information:

<class ‘pandas.core.frame.DataFrame">

Rangelndex: 4340 entries, © to 4339

Data columns (total 8 columns):
Non-Null Count

year
selling price
km_driven
fuel non-null object
seller_type non-null object
transmission non-null object
owner non-null object

dtypes: int64(3), object(5)

memory usage: 271.4+ KB

None

Skill academy

Dataset after cleaning & adding features

Shape of the DataFrame:
C(BS77, 1)

3IST7T7O

Rows = BES T - Columns = 1

Dataset information for CAR DETAILS _cswv:

Dataset information:
<class *pandas _core . frame_DataFrame " >
RangeIndex: 3IS77 entries 2 to 3576

Data columns Ctotal 1© columns ) -
£ Column Non—-Null Count Dtype

intsa
intsea
intsa

ob jec

Year IS 77 non—-—nul
Selling Price 3S 77 mnon-—nul
Km Dr-iven IS 77 non-—nul
Fuel 3S 77 non-—nul
Seller Type IS 77 non-nul ob jec
Transmission 3S 77 non-—-nul objec

objec

objec

ob ject
ob ject

Owner 35S 77 mnon-nul
Brand 3S77 non-nul
Model 35S 77 mnmnon-nul
Variant 3IS77 mnon-nul
dtypes = intea(2), object(7)
memory usage: 279 _6+» KB

L=
1
2

3
a
s
s
7
s

ol o e e e e e e

A
‘\l

None

The dataset contains 4340 rows &
8 columns , all are non-null values
3 are numerical while 5 are
categorical type.

After cleaning the data , removing duplicates and
adding removing features from dataset the new
processed dataset contains 3577 rows & 10
columns.3 are numerical while 7 are categorical
columns.



EDA Graphs Skill academy

The graphs below are made using matplotlib & Seaborn library (code in notebook file)
Count Plot Hist Plot

Count Plot For Brand Distributions srand
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EDA Graphs.

Pair Plot (Numerical Data)

2020
2015
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Count Plot (Categorical Data

o

ot

ot

ot

=

Pair-plot showing the distribution of
numerical data(selling price, km_driven,
years) according to brand

Count Plot of various categorical data
representation.



Graphical Analysis and conclusion on Data Skill academy

Box Plot to find the Outlier data HeatMap to find the Correlation in Numerical

Box Plot for Year Box Plot for Km_Driven
Correlation Matrix Heatmap
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Graphical Analysis and conclusion on Data Skill academy

Hist Plot on continuous data Scatter Plot of Selling price over km, brand & Year
|

1e6 Variation of Selling price over Km_Driven
Histograms with KDE tor Numeric Columns by Seller Type . Variation of Selling price over Brands
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variatuon or selling price over year(uilaest to Newest cars)

« The Histplot shows the distribution of continuous |
numerical. £ ) T
« The various Scatter plot shows the variation of selling  * L S
price indicating the impact of year(age), kms (use) ’ N . HHHIT
- : . ST HIEHIH
,brand (popularity) on the price of resale value of a car. ol = steecsied j:ﬂf TEEREEEEIEEERC

Year




Data Cleaning & Pre-Processing Steps.

Few data cleaning steps are discussed in previous slides.
ScatterPlot (After Capping Data)

Treating Outliers (Data Capping)

df_cap = df_changed
capping_data(df_cap):
i df_cap.columns:
("Checl
df_cap[i] .dtype 74k
Q1 = df_cap[i].quant A
Q3 = df_cap[i].quantile(©.75)
IQR = Q3 - Q1
df_cap = df_cap[
~((df_cap[i] < (Q1 - 1.5 * IQR)) |
(df_cap[i] > (@3 + 1.5 * IQR)))

: Capped the

1

df_cap[i] = df_cap[i]
df_cap
capping_data(df_cap)

data

* The above code caps the data value of numerical data
columns using the IQR formulas.

The scatter plot on the right shows the capped effect on
outlier.

Capping helps us to remove the data which may change
the model prediction due to outlier data.

Skill academy
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Data Cleaning & Pre-Processing Steps(ln ML Model). kil academy

Step 1- Import Necessary Library and dataset Step 2 - Encoding dataset

* Module Imports

® Click here bo
panda pd
numpy np
3 matplotlib.pyplot plt
%matplotlib inline
seaborn sns
collections Counter
tabulate tabulate

warnings

warnings . filterwarnings( ' ignore’)

sklearn.preprocessing StandardScaler, LabelEncoder
sklearn.model_selection train_test_split

sklearn.metrics (mean_squared_error, r2_score)

sklearn.linear_model LinearRegression, Ridge, Lasso

sklearn.ensemble RandomForestRegressor, GradientBoostingRegressor, AdaBoostRegressor
sklearn.neighbors KNeighborsRegressor

sklearn.tree DecisionTreeRegressor

pickle

Saving the encoded dataset

-

1 cleaned_data = df_one.to_cswvi

* Import the basic library for data handling & the model
handling ones from sklearn library.

* The next step is similar to previous to import the dataset
but we will import the processed dataset instead of raw
which we handled in previous steps in graphical analysis

+ To save the dataset in last file at end we did -
data.to_csv(“<file-path/file-name>.csv", index=False)

* The above code encodes the loaded dataset
using label encoder so that we can use the
categorical values in model training as it needs
number to build model.

*  The correlation matrix shows us that the new
encoded values are in numeric.



Data Cleaning & Pre-Processing Steps(In ML Model).

Skill academy

Step 3 - Splitting data into Dependant & Independent variables for train-test split

1. Dropping dependant feature from dataset

= af_one.drop([
e 13

y_test = train_test_split(
.3, random_state=42

4. Standarizing the dataset

*
sc = StandardScaler()
f

The code shows us the basic step of
model building where in we split the
dataset into training data & testing data.
This step is very important as without
doing the split if we train the model it will
know the results and if unknown values
are introduced it might not function as
intended.

The practice of splitting data helps us to
find various parameters such as
accuracy, precision, recall values, r2
score, mse values etc which helps us to
determine if our model is fit or not or
should we tune it more or use some
other modelling technique.

After these step we move on to actual
model building & selection step.
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ML Modeling

I Will add the code in loop as writing the same piece of code repeatedly changing variable names and
remembering them will be not good idea so instead | will do looping.

- - -

models —
LinearRegressiond).
Ridge ().
Lasso(). . .
RandomForestRegressor(). for model, model_name in zip(models, model_names):
ET??%T::T e _'- print{(f"\n{(" * 40) }\n{model_name}\n{('-' * 48)}")
GradientBoostingRegressor() .,
AdaBoostRegressor().

1
model.fit(X_train, y train)

results = evaluate_regression_model(model, model_name, X test, y test)
all_results.append(results)

“Ada Boosth,
1
Loy aia if results["R-squared Score"] > best_r2_score:
best_r2_ score best_r2_score = results["R-squared Score"]
best_model = MNon

best_model_name = model_name

=11 best_model = model

results_df = pd.DataFrame(all_results)

evaluate regression_model(model. model_ name.,
v _pred = model._ predict(X_ test)

mean_squared_error(y_test, y_pred)
r2 = r2 _score(y _test. y pred) results_df.sort_values(
core", ascending=False)
results_table -
[“Model”, model_ name].
[“Mean Squared Errore, mse].
["R-squared sScore", rzl.
1 rint("\nSorted Models by R-squared Score:")
print(tabulate(results_table, headers=[ t(sorted_results_df)
"Metric”, “"wvalue™], tablefmt="heawvy grid”)) - -

print(f"\nBest Model based on R-squared Score: {best_model_name}")

best_model_name




ML Modeling Skill academy

In the previous slide we saw the code for model building — scoring ,parameters, function to check them on
various passed models, save the results and iterate to next model. Here we see few glimpse of the code o/p.

[»] k-Nearest Neighbors Sorted Models by R-squared Score:
%) Linear Regression Model Mean Squared Error R-squared Score
- Random Forest 1.387119%e+10 ©.774084
Gradient Boosting 1.436973e+10 ©.765964
Decision Tree 2.610426e+10 ©.574847
Linear Regression 2.842746e+10 ©.537ee9
Lasso Regression 2.842749e+10 ©.5370e0e9
Ridge Regression 2.8429901e+10 ©.536984
Ada Boost 2.931549e+10 ©.522546
k-Nearest Neighbors 5.411448e+10 ©.118652

Metric

Metric value

Model k-Nearest Neighbors

Model Linear Regression

Mean Squared Error 541144808862 .42737

Mean Squared Error 28427461418.760574

R-squared Score 9.11865184100362591

R-squared Score 8.5370094957944969

ANENOUVOW

Best Model based on R-squared Score: Random Forest
‘Random Forest’

Metric

Model Decision Tree
Model Ridge Regression

Model performance table (Basic)

Mean Squared Error 26104259077 .00128
Mean Squared Error | 28429012702.72386

R-squared Score ©.5748468743889662

R-squared Score ©.53698423031483

model_performance = pd.DataFrame(results_df)

. " model_ performance
: Gradient Boosting —
Lasso Regression

motrs Model Mean Squared Error R-squared Score
Metric value etric

Model Gradient Boosting Linear Regression 2. 842746e+10 0.537009

Model Lasso Regression

Mean Squared Error | 28427489885.780876 Mean Squared Error | 14369733662.247465 Ridge Regression 2.842901e+10 0.536984

R-squared Score 0.5370090320204136 R-squared Score 8.76596396922584082

Lasso Regression 2.842749e+10 0.537009

Random Forest 1.387119e+10 0.774084
Random Forest

k-Nearest Neighbors 5.411448e+10 0.118652

Metric Value Metric

Decision Tree 2.610426e+10 0.574847

Model Random Forest Model Ada Boost

Gradient Boosting 1.436973e+10 0.765964
Mean Squared Error 13871188171.954166 Mean Squared Error 29315494521 837402

Ada Boost 2.931549e+10 0.522546

R-squared Score 8.774883647045899 R-squared Score 9.522546336671431




ML Modeling Skill academy

In the previous slide we saw the model scores o/p and best model the next step is to save the model(will skip
ss can look into notebook) now we see the testing part of model against test data that we split.

v Generating sample data from cleaned df to test on the trained model.

random_datasample df_one.sample(20)
random_datasample df random_datasample.drop(
print(random_datasample_df.shape)
random_datasample_df.head()

(20, 9)

Brand Model Variant Year Km Driven Fuel Seller_Type Transmission Owner
safe_predictions = prediction_data[prediction_data

12 588 37 2008 80000 a4 1 1 1

|
v Making Predictions on sample dataset against the trained model \

>

predicted_data = load_model.predict(testsample_df)
print( fr f_modelname » predicted_data) ‘

, index=

Actual Data and Predicted Data Comparison based on Random Forest model:

@ The predicted data from Random Forest model:
[1266560. 132452 .66666667 572970. 523030.

safe Predictions:
Selling Price
2308 120000
379 Seoeen
3116 s35000

2143 290000

» The code above generates 20 random sample data from
original file which we used for train test split and test

them to predict value against model. — e
* The code on side checks the actual value and predicted = T e
value ( | tweaked it a bit so that if difference of Se”ing e e e e e e S e e e

price is say under certain limit its safe prediction.



Skill academy

Deployment of ML Models using Streamlit.

Please visit the link to view the actual working code of the project (won't paste long code)
Without any selection Prediction of Selling Price  Github Code Structure

&« > C 23 github.com/Sumit-SC/Data-Science-Capstone-Project/|

Car Selling Price Prediction App s CnE Bricebiediction ADP. €) Podcy soonsv OpenSaucev i

Loaded CSV Data:
Loaded CSV Data: oaded CS! v

dataset
interim
20 random sampie.cs
processed
Processed CAR DETAILS.csv
cleaned data.csv
raw
CAR DETAILS.sv
models
Random Forestpki
notebaoks
Used_Cars DA(Graphical&Cl...
Used Gars MLipynb
reports
stc
= oo
Processed Input Data. gitignore
Data Science with Python Care...
READMEmd
PPy
requirements.ct
setuppy
streamiit app.py

test_environment.py



https://mitsu-ds-capstone-project.streamlit.app/

Endnotes

Reference Links:-

* GitHub Repo Link

+ Streamlit App Weblink

+ Streamlit App Alternate

 Google Drive Folder

« Zipfile

* Google Colab Links (Run & View code Directly)
= EDA & Graphical Analysis Colab

= Model Training & Evaluation Colab

» Readme File (To get the project structure & all links)

Skill academy
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« Name — Sumit S.
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« Batch -10

 Course — Data
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« Email-@


https://github.com/Sumit-SC/Data-Science-Capstone-Project
https://mitsu-ds-capstone-project.streamlit.app/
https://sumit-ml-capstone-project.streamlit.app/
https://drive.google.com/drive/folders/1N5m1mmKMZH1Fi7y2ZDdf6uMt88uW8CtS?usp=drive_link
https://drive.google.com/drive/folders/1ANsXUuTy9ECiwJBeIdgqTCSIOQkX1VR2?usp=drive_link
https://drive.google.com/file/d/1ObKA8DxCUC5S_2riq31XJoZrfxLq8bbn/view?usp=sharing
https://drive.google.com/file/d/1Z6oiYXiJt3YudINIn67lGCQgVITOTEIf/view?usp=sharing
https://docs.google.com/document/d/1NV8paiFC4IexoPYWWn1EakqKxBE-TJJLlEm7q7A8KUM/edit?usp=drive_link
https://github.com/Sumit-SC
https://www.kaggle.com/mitsu00
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