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Junghyun Min
Student ID: x20103352

1 Introduction

An implementation of the project to analyse Airbnb data in Italy and develop an annual
profitability prediction model. This configuration manual encompasses System Configuration,
Data Collection, Library Package Requirement, Data Preparation and Pre-processing, Model
Preparation and Execution, and Evaluation.

2  System Configuration

The project was conducted on the local system with the hardware and software specifications
as shown in Figure 1 and Figure 2.

2.1 Hardware Requirement

Device Specifications

Device name LAPTOP-M4B8V5NI
Processor Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz 1.80 GHz
Installed RAM 8.00 GB
System type 64-bit operating system, x64-based processor
Window Specifications
Edition Windows 10 Home
Version 22H2
Installed on 01/10/2020
OS build 19045.3324
Experience Windows Feature Experience Pack 1000.19041.1000.0

Figure 1: Hardware and Software Specifications

2.2 Software Requirement

import sys
import notebook

print("Python version: " + sys.wversion)
print{"Jupyter notebook version: * + notebook._ version_)
executed in 42ms, finished 01:44:10 2023-08-13

Python wersion: 3,7.3 (default, Mar 27 2019, 17:153:21) [MSC +, 1915 64 bit (AMDS4)]
Jupyter notebook werzion: 5,78

Figure 2: Python and Notebook versions



2.2.1 Manual of Jupyter Notebook installation

1) Right-click the Anaconda installation file downloaded through the link and run it with
administrator privileges.

Free Download | Anaconda (https://www.anaconda.com/download/)

2) Press the "Next" button to proceed with the installation, and tick the box when the screen
below appears in Figure 3.
2 Anaconda3 2021.05 (64-bit) Setup - X

Advanced Installation Options
% ) ANACONDA Customize how Anaconda integrates with Windows

Advanced Options

Add Anaconda3 to the system PATH environment variable

Not recommended. Instead, open Anaconda3 with the Windows Start
menu and select "Anaconda (64-bit)", This “add to PATH" option makes
Anaconda get found before previous e, but may
cause problems requiring you to uninstali and reinstall Anaconda.

Register Anaconda3 as the system Python 3.8

This will allow other programs, such as Python Tools for Visual Studio
PyCharm, Wing IDE, PyDev, and MSI binary packages, to automatically
detect Anaconda as the primary Python 3.8 on the system.

< Back Cancel

Figure 3: Anaconda Installation

3) After that, install it according to the default setting. (The path is also kept as C: drive)

4) Please make sure that both Anaconda Prompt and Jupiter Notebook are installed like
Figure 4 and Figure 5 when you click the Windows icon on the taskbar.

“*  Jupyter Notebook
' App
Figure 4: Jupyter Notebook

Anaconda Navigator

OIS
)

App
Apps
B Anaconda Prompt >
B Anaconda Powershell Prompt >

Figure 5: Anaconda Prompt and etc.

5) The installation has been successfully completed if the screen appears in the web browser
as shown in Figure 6 after running the Jupiter Notebook as shown in Figure 4.
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https://www.anaconda.com/download/

3 Data Collection

O @0 localhost = I
— Jupyter Qut | Logout
Files isters
Select items to perform actions on them Upload New~ O
0 - Name ¥ Last Modified Flle size
" 7 hours ago
o= 7 hours ago
7 hours ago
0O D 6 hours ago
0 &b 7 hours ago
avorite 7 hours ago
Figure 6: Jupyter Notebook on the local environment through localhost:8888/tree

= kaaale
kaggle
- Create

Home

Datasets

®
Q@ Ccompetitions
m
A

Models

Q Ssearch

Airbnb in Italy

Airbnb of Milan, Rome, Florence, Venice, Naples

Data Card Code (1)  Discussion (0)

About Dataset

Context

This is a collection of all the Airbnb data available on|

+ Rome
+ Milan

« Florence
+ Venice
+ Naples
« Bologna

+ Bergamo

Also

« Sicily
« Puglia

« Trentino

full listings are available for these Italian regions

and

- 14

Sicily, Puglia, Trentino

ine in Italy up to September 2022. The cities included are

New Notebook

The source of the original data was obtained from kaggle.com.

& Download (300MB) IR )

Usability ©
10.00

License

C€CO: Public Domain

Expected update frequency
Never

Tags
Hotels and Accommodations
Europe  Text Mining

Holidays and Cultural Events

Housing

Figure 7: Data source from kaggle.com

The provided dataset through an open link is 'merged_file.csv' to start this project, which
merged the data from all 10 cities as shown in Figure 8, due to the division of original data

into separate 10 cities.

1. Download data on Google Drive with an open link.

2. Please click the link below and download a CSV file named 'merged_file.csv'.

https://drive.google.com/file/d/1rxWScCzr-SH2H551C8xxijs61XjkaPMZ/view?usp=dr

ive link

3. And then place the CSV file in the same folder where 1-3 Jupyter Notebook files in.


https://drive.google.com/file/d/1rxWScCzr-SH2H55IC8xxijs6lXjkaPMZ/view?usp=dr
https://drive.google.com/file/d/1rxWScCzr-SH2H55IC8xxijs6lXjkaPMZ/view?usp=dr

B merged _file.csv Properties X

General Security Details Previous Versions

kN
a merged_file.csv

Type of file:  Microsoft Excel Comma Separated Values File (.csv)

Opens with: [I Excel Change...
Location: C:\Users\'ohhom\AnacondaFolders\Master in NCl\Se
Size: 426 MB (446,800,446 bytes)

Size ondisk: 426 MB (446,803,968 bytes)

Figure 8: Data file Properties

4  Library Package Requirement

Like Figure 9, essential libraries must be imported before running all the other cells. If some
libraries or packages have never been installed before, these installations also should be
preceded with pip command lines as shown in Figure 10.

import re

import math

from datetime import timedelta

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import missingno as msno

%ematplotlib inline

from sklearn_preprocessing import LabelEncoder

# cettin

# sefting 1o see all the colurmins

pd.set_option( display.max_columns’, None)
Figure 9: Import libraries for the first running Notebook file

#& Unmiock s call IT you need o install saxi-optimize’ and 'aeap

N T .
oI insiall SCkit-opiimize

# Ipip install deap

Figure 10: install scikit-optimize and deap for optimisation

Figure 9 indicates a screenshot of essential libraries to be installed for the
‘1.Preprocessing.ipynb’ file, Whereas Figure 11 is for the ‘2.Modelling.ipynb’ file.



import math

import random

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from collections import Counter, OrderedDict

import warnings
warnings filterwamnings{"ig
pd.set_option{'display.max_
S%matplotlib inline

re", category=RuntimeWWarning, message="divide by zero encountered in true_divide|invalid value encountered
umns’, None)

# sklearn

from sklearn. model_selection import train_test_split

from sklearn.preprocessing import LabelEncoder

from sklearn.metrics import mean_squared_error, r2_score

# Ensemble

import xgboost as xgb

import lightgbm as Igb

from sklearn ensemble import RandomForestRegressor, GradientBoostingRegressor
# 0 isations

from skopt import BayesSearchCy

from deap import base, creator, tools, algorithms

Figure 11: Import libraries for the Second running Notebook file

5 Data Preparation and Pre-processing

# read the file

df = pdread_csv('merged_file.cav'

exeeuted in 15.5s, finished 17:37:15 2023-08-13

C:#ProgramDataftanacondadit| i bitsite-packagest| Pyt honttcoreffinteract iveshel | . py:30439: DtypeWarning: Columns (29) have mixed
types, Specify dtype option on import or set low_memory=False.
interactivity=interactivity, compiler=compiler, result=result)

s x 76 co

executed in 11ms, finished 17:37:15 2023-08-13

dfhead(3

executed in 203ms, finished 17:41:30 2023-08-13

id listing_url scrape_id last_scraped source name  description neighborhood_overview
Ideally
- Residenza located on e
0 15526 hitps-/fwww.aitonb.comirooms/15526 2022082618244  2022-08-26 PVIOUS  pp05ehn  themiddle  One ofthe highlights of e iecac

scrape lake Iseo is Montisal ..

lake view ridge of a
panar...

Ideally

Suite
PANORAMA  losaledon i the highlights of

the middle ! d
ridge of a lake Izeo iz Montizol...

panar...

i . 0. previous "
1 15542  hitps-fwww airbnb comirooms/ 15542 20220926152448 2022-09-26 scrape facing the hitps:/al. muscac

lake

Figure 12: Data Import and Explore Dataframe

Import data as a dataframe in pandas, Figure 12, and explore the dataset such as the shape of
df, data types, characteristics of features, and statistical analysis with describe() function as
indicated in Figure 13.



dfdescribe()
executed in 811ms, finished 15:58:25 2023-08-12

id scrape_id host_id hest_listings_count host_total_listings_count latitude lengitude accommeodates
count 1.519560e+05 1.519560e+05 1.819560e+05 181870.000000 181870.000000 131956.000000 131956.000000 131956000000
mean 1.214052e+17 2.022082e+13 1.478840e+03 40.635854 §3.244906 41146021 13.692193 4.096677
std 2.503712e+17 6.533453e+06 1.4676552+08 169.450233 304352593 2886312 2730557 2215754
min  2.737000s+03 2.022091e+13 1.8220002+02 1.000000 1.000000 35484150 9.025300 0.000000
25% 1.793897e+07 2.022091e+13 2.317709e+07 1.000000 1.000000 38.114300 12.230570 2.000000
50% 3.496080e+07 2.022092e+13 9.364056e+07 3.000000 3.000000 40845370 13.271040 4000000
75% 5.129850e+07 2.022093e+13 2.446785e+08 6.000000 T.000000 43774370 13.268793 5.000000
max 7.257708e+17 2.022083e+13 4.3097282+03 1713.000000 20000.000000 45524350 18.500770 16.000000
# object type is 37 that should be converted to neumeric for a regression model

didtypes.value_counts()
executed in 20ms, finished 15:58:28 2023-03-12

object a7
float 64 22
int64 17
dtype: intGd

Figure 13: Statistical Analysis

Visualising null values can help to understand them easily and at a glance. Sorted feature
with many null values in descending order and then use ‘missingno’ by the line of codes
‘msno.bar()’ function as described in Figure 14.

3.2 Visualisation of null values

# sorting columns in descending order
sorted_cols = dfisnull(.sum().sort_values{ascending=False).index

executed in 598ms, finished 16:37:43 2023-08-13

# values as a bar chart

sorted_cols = dfisnull(.sum().sort_values(ascending =False).index
msno.bar(dflsorted_cols], color='#20242¢"

# Visualize the number of missing

plt.show()
Figure 14: Visualise Null VValues using missingno tool

In Figure 15, ‘yyyy-mm-dd’ data type should be changed to 'to_datetime' for readable by
pandas. Drop rows if they have NA in the 'host_since' column. Because one criterion that
determines the size of the dataset is the 'host_since' feature. In the absence of the 'host_since
column, the measurement of hosting tenure and the calculation of profitability become
challenging.

4.1 date format :'to_datetime’ for readable by pandas

dff'host_since] = pd.to_datetime(df[ host_since'])
dff’last_scraped’] = pd.to_datetime(df['calendar_

dif'cale t_scraped'] = pd.to_datetime(df{'ca _last_scraped'])
dff'firs w'] = pd.to_datetime(df{'calendar_last_scraped'])
dff'last_review'] = pd.to_datetime{df['calendar_last_scraped’)

executed in 778ms, finished 15:38:10 2023-08-13

4.2 Drop if NA in "host_since' column

filtered_df = df.dropna(subset=[host_since')
filtered_df

Figure 15: preprocessing of .to_datetime() and .dropna()
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If numeric data contains special symbols such as $23.00 or 67%, these symbols need to be
removed. Looking at maximum, mean and median statistical metrics, the presence of outliers
and skewed distribution is observed in the column of 'price’. As 'price’ is one of the key
factors to create a 'profitability’ column, this means that normalisation or similar work on
‘profitability’ should be applied(The last cell in Figure 16).

4.3 Removal of '$' symbols

filtered_dfl'price’] = filtered_df[ price’l.strreplace(' s, ").strreplace(,’, ").astype(float)

executed in 15ms, finished 13:08:34 2023-08-13

4.4 Removal of %" symbols

filtered_df{'host_responsze_rate’] = filtered_df['host_response_rate’lstrreplace('%', ").strreplace( ., ").astype(float)
filtered_df{'host_acceptance_rate] = filtered_df[' host_acceptance_rate’l.strreplace(%’, ").strreplace(’,, ).astype(float)

executed in 19ms, finished 13:08:38 2023-08-13

filtered_df{'price’].describe()

# The output in il need fo normali:

4
executed in 28ms, finished 18:38:21 2023-08-13

count 181870, 000000

mean 143, 055550
std 590, 484645
min 0. 000000
5% 50, 000000
B0% 839, 000000
fi=y) 140, 000000
max 100000, 000000

Wame: price, dtype: floatGd

[Figure 16: Remove $ and % symbols]

Incorrect listing counts should be modified in Figure 17. In instances where the same host has
posted multiple hostings, the values of 'host_listings_count' and 'host_total_listings_count'
are duplicated. Therefore, rectification of this issue is necessary. For instance in a dormitory
room, if a host posts a listing for each bed in order to accommodate guests to full capacity,
the hosting count for each bed is equivalently assigned as a product of the bed count.

filtered_rows = dff

selected_rows = filtered_rows[selected_columns]
grouped_counts = filtered_dfgroupby(['host_id’, 'host_since']) size().reset_index(name="count)
merged_df = pd.merge(filtered_df grouped_counts, on=[host_id', 'hast_sinceT)

executed in 3.53s. finished 18:38:26 2023-08-13

ince], keep=False}]

dupli [ | %
ngs_count’, *host_total_listings_count’]

selected_columns = ['host_id', *host_since’, 'host_f
5 based on 'host_id' and 'host_since™")

sssss ted in 598ms, finished 18:38:27 2023-08-13

Find duplicated rows of a number of hostinag counts based on ‘host_id" and "host_since’:

host_id host since host_listings_count host_total_listings_count

0 60754 2009-12-07 50 50
1 60754 2009-12-07 50 50
2 60754  2009-12-07 5.0 50
3 50754 2009-12-07 50 5.0
4 650754 2009-12-07 50 5.0

grouped_counts = fgroupby(['host_id", 'hos
merged_df = pd.merge(filtered_df grouped_counts, o A L
merged_df['listings_count = merged_df['host_lisi S_CO! 1/ merged_df['count]

merged_df['total_listings_count_divided'] = mergad_dffI‘cs:_tc{la\_l\s:'\‘q:_:sL nt] / merged_df['count]

Figure 17: Fix host listings, ‘host_listings count’ and ‘host total listings count’




Now we can calculate annual profitability with create column 'total_listings_count_divided'
This project does not follow the formula of profitability in the business field, its own
calculation, like the percentage of the annual sales, is applied instead. Taking logarithm after
division due to the skewed distribution. And then, change the values into percentages because
the target column represents 'Profitability’ as shown in Figure 18.

# from datetime import timedelta

one_year = timedelta(days=365)

aaa=merged_df['total_listings_count_divided'1*merged_df'price’l/({merged_df[ calendar_last_scraped']-merged_df[ host_since’l)/one_year)
loglog = np.log(aaa)

# tolist

lagl_list = loglog.tolist(

logl_array = np.array(logl_list)

normalized_list = {logl_array - logl_array.min() / (logl_array.max{ - logl_array.ming) * 100

normalized_list = np.round(normalized_list, 2)

Figure 18: Calculate by the own formula to create ‘profitability by numOfYears’

- I -
— # From
5 == list Lype

data['host_verifications’] = data['host_verifications’].strstrip("[]7).strreplace(™”, ""L.strsplit(" #s*")
# Extract unique values
unique_values = set(datal'host_verifications’].explode().unique())
# One-Hot Encoding =* Flatten the values in [email’, ‘phone’, ‘work_email®
for value in ['email’, 'phong', 'work_esmail']:
datavalue] = data'host_verifications'l.apply(lambda x: int{value in %) if x else 0)

data["amenities”] = data["amenities"].apply(eval)

# Get unique items & counts

unique_values = data["amenities"].explode().value_counts().index tolist()
unique_value_counts = data["amenities"].explode().value_counts{.values

# Count number of amenities and store in a df

amen = {'Amenities"unique_values,'Counts unique_value_counts}
amen_df = pd.DataFrame(amen)

# tan 1700 7, y lict
# top 100 into a list

top_100_amen = amen_df['Amenities'].head(100).tolist(

# count how many amenities of top 100 list
data["amenities"] = data["amenities"].apply{lambda x: sum(item in top_100_amen for item in x))
mapping = {
within an hour" 3,
within a few hours': 2,
within a day" 1,
a few days or more" 0

datal'host_response_time’] = data[host_response_time'l.map(mapping)-fillna(-1)
# Create a LabelEncoder object

encoder = LabelEncoder()

# encoder convert the values of property type column

data['property_type_encoded] = encoderfit_transform{datal property_typeT)

Figure 19: Encoding values

In Figure 19 and Figure 20, For the features requiring encoding, applied various encoding
methods to their specific characteristics, including one-hot encoding, mapping and
LabelEncoder.



|| # Extract unique values of ‘bathroom’ column

2 unique_values = data['bathrooms_text'l.unique()

&

4 | data['bathroom_num’] = data[ bathrooms_text'].strextract{r'(wd + % 3d +|#d+)").astype(float)

executed in 1.57s, finished 18:40:10 2023-08-13

' for value in data['bathroom_str].unique():

2 if value startswith({shared’):

3 dataloc[data['bathroom_str'] == walue, 'bathroom_type'] = 0
4 elif value startswith( private’):

5 data.loc[data[' bathroom_str'] == walue, 'bathroom_type] = 1

] else:

i dataloc[data[' bathroom_str'] == walue, 'bathroom_type] = -1

5 | data['bathroom_str] = data['bathrooms_text.apply{lambda value: re.sub(r'[*a-zA-Z#s]', ", value).strip() if pd.notnulljvalue) else

\
]
!

Figure 20: mapping the values for -1, 0, 1 with regular expression

Drop columns and fill null values with -1 as in Figure 21.

df1 = data.drop([listing_url’, 'last_scraped’, 'source’, 'name’, ‘description’, "picture_url’, *host_url’,
host_name', 'host_since’, 'host_location’, "host_thumbnail_url’, 'host_picture_url’,
host_neighbourhood', "host_verifications’, "host_has_profile_pic’, "host_identity_verified’,
neighbourhood’, 'neighbourhood_group_cleansed',

first_review’, 'last_review', 'bathroom_str’], axis=1)

df2z = df1.drop('id', 'scrape_id’, 'host_id', "'calculated_host_listings_count’, 'price’,
‘calculated_host_listings_count_entire_homes', 'calculated_host_listings_count_private_rooms’,
‘calculated_host_listings_count_shared_rcoms’, 'count’, ‘host_listings_count’,
Ylistings_count_divided', "total_listings_count_divided'], axis=1)

# fillna with a value of -1

dfz fillma(-1, inplace = True)

df3 = df2.drop(['review_scores_communication’, ‘review_scores_checkin', ‘review_scores_accuracy’,
review_scores_value', 'review_scores_cleanliness’, 'review_scores_location’, "availability_60',

‘minimum_minimum_nights’, 'maximum_minimum_nights’, ‘minimum_maximum_nights’,

'‘maximum_maximum_nights’, 'minimum_nights_avg_ntm’, 'maximum_nights_avg_ntm’], axis=1)

property_type’, "bathrooms’, ‘bathrooms_text', ‘calendar_updated’, 'calendar_last_scraped,,

Figure 21: Drop columns and fill null values with value of -1

7.4.1 Split and Save to 10 CSV files

1| city_list = ['bergama’, roma’, 'milano,, ‘sicilia’, 'trenting’, 'puglia’, 'firenze’, "venezia', ‘'napoli’, 'bologna’]
2 | cities = ['bergame’, 'roma’, ‘milaneg’, 'sicilia’, ‘trenting’, "puglia’, ‘firenze’, "'venezia', 'napol’, 'bologna’]
3

4 | city_dfs = {§ # Dictionary to store DataFrames for each city

5

B | # Select rows where ‘city’ column matches the current city and drop the ‘city’ column

T for city in city_list:

g city_dfs[city] = df3[df3['city’] == city].drop('city’, axis=1)

=]

10 for city in cities:

11 globals([city + *_df] = city_dfs[city]

12 # Save each DataFrame as a CSV fil

13 globalsQ[city + *_df].to_csv(city + '_dfcsv’, index=False)

Figure 22: Split the dataset into 10 cities for Modelling implementation




7.4.3.2 Density histograms for all DataFrames, overlapped in one Figure.

Compare the relative distribution of datasets at a glance.

# Create density histograms for all DataFrames
for df in [bergamo_df, roma_df, milano_df, sicilia_df trentino_df
puglia_df, firenze_df, venezia_df napoli_df bologna_df]:
df'profitability_by_numOfYears'] hist{bins=100, density=True, alpha=0.5)

pltxlabelAnnual revenue’)

pltylabelDensity")

plttitle("Comparison of Profitability by Number of Years in All Cities")
pltlegend{labels=[f"DF{i+1}" for i in range(10)])

10| plt.shaw()

00 -1 @ M J= o0 a—

]

executed in 8.00s, finished 18:45:15 2023-08-12

Comparison of Profitability by Number of Years in All Cities

0.07 DF1
DF2
0.06 A DF3
I DF4
0.05 l DFS
DF&
E": 004 DF7
NI
© 003 i pFa |
DF10
0.02 1
0.01
0.00 y : T
40 &0 80 100

Annual revenue

Figure 23: Distribution of “profitability by numOfYears” in 10 Italian city datasets

import scipy.stats as stats

1
2
3 | # one-way ANOVA

4 | statistic, p_value = stats.f onewayibergamo_dff profitability_by_numOfy¥ears'], roma_df['profitability_by_numOfyears,
5 milano_dff profitability_by_numOf¥ears'), sicilia_dff'profitability_by_numOfears'],

G trentino_df['profitability_by_numOf¥ears'], puglia_df['profitability_by_numOfyears’],

7 v_numOfyears'], venezia_df[ profitability_by_numOfyears’],

g

_a
oy

firenze_dff'profitability

napoli_dff'profitability_by_numOfyears'], bologna_dff'profitability_by_numOfyears')

. i
10 print("One-way ANOVA p-value:”, round(p_value, 5))
11

executed in 33ms, finished 16:45:21 2023-08-13
One-way AMOVA p—value: 0.0

Figure 24: one-way ANOVA test

6 Model Preparation and Execution

6.1 Set pre-define Functions

In the second Jupyter Notebook file, "2.Modeling.ipynb," the data for 10 cities is required
which was generated as a result of executing the first Jupyter Notebook file. When opening
the second Jupyter Notebook, start by importing the necessary libraries. Next, pre-define
functions to write code more practical and enable its straightforward utilisation.
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Calculate Distance(latitude, longitude)

# Calulate long and lat from the center point of each city by haversine distance()
def haversine_distance{lat1, lon1, lat2, lon2):

# change the measure of lat and long through mathradians()

lat1 = math.radians(lat1)

lon1 = math.radians{lont)

lat2 = math.radians(lat2)

lon2 = math.radians{lon2)

# Distance between lans of the city center and the hosting location
dlon = lon2 - lon1
# Distance between [ats of the city center and th

dlat = lat2 - lat1

e [ i m o m,
e NOSUNg jocaton

# Applied Haversine Equafion

a = math.sinfdlat / 2) ** 2 + math.cos{lat1) * math.coslat2) * mathsin{dion / 2) ** 2
¢ = 2 * math.atan2{math.sgrt{a), math.sgrt{1 - a))

d

i i} # T raA e mmrsa Aictanca fA tha mantra aF tha ot i 71 ey
istance = 6371 * ¢ # The radius(average distance to the centre of the Larth} is 6377 km

return distance

Figure 25: Distance calculator from the city centre to the hosting location

Label Encoder(neighbourhood_cleansed)

def nbhd_cleansed_encoder{city_df}:

# LabelEncoder class

encoder = LabelEncoder)

# replace info numeric in the column

city_df['neighbourhood_cleansed_encoded] = encoderfit_transformicity_df'neighbourhocd_cleansed'])
# Drop the previous column

cl'ty_n:li’.dr&p{neighb:urlﬁo::l_:Iea"sed. axis=1, inplace=True)

Figure 26: Hence the column requiring encoding only in the same city data,
the values were encoded in the second Notebook file

Top 10 Important Features

« The important_features function is designed to extract the feature importances from a single model,
« and it may not directly apply to ensemble stacking models that combine multiple models.

def important_features{model, x_city):
importance = model . feature_importances_
# assign variable names
variable names = x city.columns
# Matching important features and variable names
importance_with_names = |ist{zip(variable_names, importance)]
importance_with_names_sorted = sorted{importance_with_names, key=lambda x: x[1], reverse=True)
# Top 10 fmportant Features
top_10_features_df = pd.DataFrame(importance_with_names_sorted[:10], columns=['Variable', 'lmportance'])
return top 10 features df

Figure 27: Function to find the top 10 important factors in models
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Running Model with Estimator effect graph

1 def effect_estimators(train_x, train_y, test_x):
2 # Try different numbers of n_estimators - this will take a minute or so
3 estimators = np.arange{10, 200, 20)
4 scores = ]
S best_score = -np.inf
g best_model = Mone
=
a for n in estimators:
3 madel.set_params{n_estimators=n, random_state=123)
10 maodel fit(train_x, train_y)
" score = model scoreftrain_x, train_y)
12 scores.append(score)
13
14 if score > best_score:
15 best score = score
16 best_model = model
17
18 plttitleqEffect of n_estimators™)
13 pltxlabel("n_estimator”)
Z0 pltylabel{"score™
21 plt plot{estimators, scores)
22
23 return best_model, best_model predict{test_x), best_score

Figure 28: 20 times running to find the best model and hyperparameters

Evaluation Tools

1| Zhttpsz//scikit-learn org/stable/modules/classes htmigmodule-skiearn metrics
2 def eval_metricsiy_test, y_prad, X_train):

3 rmse = np.sgrifmean_squared_errory_testy pred))

4 r2 = r2_score(y_testy_pred)

= # Scikit-learn doesn't have adjusted rsquare hence custom code
& n = y_predshape[0]

T k = ¥_trainshape([1]

g adj_rsg = 1- {1 - r2)*n-1)/{n-1-k)

3 ae = np.absiy_test - y_pred) / y_test

10 filtered_ae = ae[npisfinite(as)]

11 mae = np.mean(filtered_ag)

12 accuracy = 100 - {mae * 100) # 100 - mape

13

14

return round(adj_r_sq, 2), round{rmse, 2}, round{mae, 2), round(accuracy, 2}

Figure 29: Evaluation function for 4 different metrics

bayes_search Parameter

1 bayes_search = {

2 n_estimators'. (100, 1000),
3 earning_rate: (0.01, 1.0),
4 max_depth’: (1, 16),

3 gamma'’: {0.01, 1.0,

(5]

}

Figure 30: Bayesian search setting
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Functions for Genetic Algorithm

Evaluate Models

def evaluate_GA(idx, neta_features, test_y)
£ Convert Avperparameters to integers where necessary
n_estimators = int{idx[0])
nax_depth = int{id«[2])

£ Create the optimized peta-fearner wilh the given hyperparapsters
meta_learner = wgb. XGBRegressorin_estinators=n_estinators, learning_rate=idx«[1]. max_depth=nax_depth, g
amma=idx[3], random_state=123)

£ Fit the optimized mete-/sarner on ihe meta-features
meta_learner. fitimeta_features, test_y)

£ Make predictions using the optimized meta-iearner on the meta-features
Gt_pred = meta_learner.predict(neta_features)

# Fvaluate the ensepble podel

Gh_rmse = mean_sguared_error{test_y, Gh_pred, squared=False)
Gh_ae = np.abs(test_y - Gh_pred) / test_y

filtered_Gh_ae = Gh_aelnp. isfinite(Gh_ae)]

Gh_mae = np.meant filtered_Gh_ae)

Gh_accuracy = 100 - (Gh_mae + 1000 # 700 - mape

return round(Gh_rmse, 21, round(G&_mae, 21, round(GA_accuracy, 21

Figure 31: Evaluation function for 3 different metrics of Genetic Algorithm

DEAP and Parameter Tuning

def optimize_GA(meta_festures, test_v)
& denaidfe Afgorifhe opfimizalfon veing DEAR
creator,create("FitnessHin®, base Fitness, weights={-1,0, -0,1, -0,1))
creator,create{”id:", list, fitness=crestar FitnessMin)
taolbox = base, Taolbox{}
toolbox, register{"attr_float”, np,random uniform, 0,01, 1,03
toolbox, register{"idx", tools, initRepeat, crestor, idx, toolbox attr_flost, n=4)
toolbox, register{"populat ion”, tools.initRepest, list, toolbox, idx)
toolbox, register{"mate”, tools cxTwoPoint )
toolbox, register{"nutate”, tools.mutUniformint, low=1, wp=10, indpb=0.Z3
toolbox, register{"select”, tools selTournament, tournzize=3)
toolbox, register{“evaluate”, evaluate_GA, meta_features=meta_features, test_y=test_y)

& Creaie fhe fmifial populafion
populat ion = toolbox, populat ion(n=100}

# imifiaiize & (7sf fo sfore fhe Besf fifness wafwes over gensraiions
fitness_values = []

rmse_values = []

mag_values = []

accuracy_values = []

model = Mone

best _accuracy = 0,0

for gen in range{1, 213 4 Aepface 27 wiift fhe oumber of gemerafions pou wanf fo rur
populat ion = slgorithms, varandipopulat ion, toolbox, cxpb=0,5, mutpb=0,2)
fitness_values = li=t(nap(toolbox, evaluste, population))
for ind, fit in zip{population, fitness_values)
ind fitness values = fit
best_idx = tools.selBest {populat ion, k=1)[0]
fitness_values sppendibest _idx fitness values[0])
rmse_values, append(evaluste_GAlbest _idx, meta features, test_y)[01)
mae_values, appendievaluate_GA(best_idx, meta_features, test_y)[1]}
aocuracy_values, append{evaluste_GAlbest _idx, meta_festures, test_wil[2])

& Calculfate fhe securscy for Fhe currend BeEf_idx
current_accuracy = evaluate_GA{best _idx, meta_features, test_y)[Z]

& Sfore ihe besi_ide i¥ fFs gecursey iz higher ifmm ihe currenf best
if current _accuracy > best _sccuracy
best _accuracy = current _sccuracy
best_model = xab. XBERegressor(
n_est imators=int (best _idx[0]),
learning_rate=best _idx[11,
nax_depth=int {best _idx[2]},
ganma=best _idx[3],
random_state=123}

& Prini ife besi Fiiness vafue for each gemeraifion
print (f "Generat ion {gent, RMSE: {best_idx.fitness.valves[01}, MAE: {evaluate_Galbest_idx, meta_features, test_wi[111,
hocuracy: {evaluate_Ga(best_idx, mets_features, test_y)[2]}")

# Plof the progress of opiimizafion ower gensrafions
gen = rangs(1, 21}

plt,plotigen, rmze_values, |sbe|='RHSE'}
plt.plotigen, mae_values, label="MAE )

plt . plotigen, accuracy_values, |sbel='dccuracy')
pit.title("Genst ic Algorithm Opt imizat ion Progress”)
plt,xlabel{ Generat ion")

plt.wlabel{"Error / Accuracy Walue")

plt, legendi )

plt . showi)

return best_nodel

Figure 32: DEAP framework and Genetic Algorithm
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6.2 Base Learners

For the base learners, the execution procedure is the same across the three methods, Figure
33, Figure 34, and Figure 35.

Random Forest

model = RandomForestRegressor()

# lse the effect estimators function to get the best moge!, predictions, and best score

bergamo_rf_model, bergamo_rf_pred, bergamo_rf_score = effect_estimators(train_x_bergamo, train_y_bergamo, te
st_x_bergano)

print("Best Score:", bergamo_rf_score)

print()

# fall the eval metrics funciion and store the results in variables
bergamo_rf_adj_R, bergamo_rf_rmse, bergamo_rf_mae, bergamo_rf_accuracy = eval_metrics(test_y_bergamo, bergam
o_rf_pred, train_x_bergamo)

# Print the results

print("Adjusted R-sguared:", bergamo_rf_adj_R)
print ("EMSE:", bergamo_rf_rmse)

print("Mean dbsolute Error:", bergamo_rf_mae)
print ("sccuracy:", bergamo_rf_accuracy, "%")

Figure 33: Random Forest Modeling, Fitting, Prediction and Evaluation

Gradient Boosting

model = GradientBoost ingRegressor (]

# lse the effect estimators function to get the best moge!, predictions, and best score

bergamo_gb_mode |, bergamo_gb_pred, bergamo_gb_score = effect_est imators{train_x_bergamo, train_y_bergamo, te
st _x_bergamo)

print("Best Score:", bergamo_gb_score)

print()

# Lvaluation Tools

# Call the eval_metrics function and stoere the resulis fn variables

bergamo_gb_adj_R, bergamo_gb_rmse, bergamo_gb_mae, bergamo_gb_accuracy = eval_metrics{test_v_bergamo, bergam
o_gb_pred, traln_x_bergamo)

# Print the results

print("Adjusted R-squared:", bergamo_gh_adi_R)
print ("EMSE:", bergamo_gb_rmse)

print("Mean absolute Error:", bergamo_gb_mae)
print("Accuracy:", bergamo_gh_accuracy, "%")

Figure 34: Gradient Boosting Modeling, Fitting, Prediction and Evaluation

Light GBM

model = lgb.LGBMRearessor()

# lige the effect_estimators function to get the best moge!, prediciions, and best score

bergamo_lgb_model, bergamo_|gb_pred, bergamo_lgh_score = effect_estimators(train_x_bergamo, train_y_bergamo,
test_x_hergamo)

print ("Best Score:", bergamo_|gh_score)

print()

# Fraluation Tools

# Call the eval_metrics funciion and store the resuits in variables

bergamo_lab_adj_R, bergamo_lgb_rmse, bergamo_lgh_mae, bergamo_|gb_accuracy = eval_metrics{test_vy_bergamo, he
rgamo_lgb_pred, train_z_bergamo)

# Print the resufts
print ("Adjusted R-squared:", bergamo_lgh_ad]_R)

print ("RMSE:", bergamo_lgh_rmze)
print ("Mean &bzolute Error:", bergamo_|gh_mae)
print ("Accuracy:", bergamo_lgb_accuracy, "%")

Figure 33: LightGBM Modeling, Fitting, Prediction and Evaluation
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6.3 Meta Learner

XGBoost, as a Metalearner and a single ensemble model, is consistent with the above
execution method.

XGBoost

model = xgb. ¥GBRegressor()

# lee the effect_estimators function to get the best mode!, predictions, and best score

bergamno_xgb_mode |, bergamo_xgb_pred, bergamo_xgb_score = effect_est imators{train_x_bergamo, train_y_bergamo,
test_x_bergamo)

print("Best Score:", bergamo_xgb_score)

print()

# Fraluation Tools

# Lall the eval_metrice Function and ctfore the resulis in variables

bergamo_xghb_ad]_R, bergamo_xgb_rmse, bergamo_xgb_mae, bergamo_xgb_accuracy = eval_metrics(test_vy_bergamo, be
rogamo_xab_pred, train_x_bergamo)

# Print the results

print{("&djusted R—squared:", bergamo_xgb_adj_R)
print ("RMSE:", bergamo_xgh_rmse)

print("Mean Absolute Error:", bergamo_xgh_mae)
print {"&ccuracy:", bergamo_xgh_accuracy, "%")

Figure 33: XGBoost Modeling, Fitting, Prediction and Evaluation

6.4 Ensemble Stacking

Ensemble stacking model is consistent with the above execution method, except for the use
of meta-features which are stacked from base learners' predicted values.

Ensemble Stacking

model = xgb. XGBRegressor()
# Create a new feature matrix with base learners’ prediciions as meta—features
bergamo_meta_features = np.column_stack((bergamo_rf_prad, bergamo_gb_pred, bargamo_lgh_pred))

# lise the effect _estimators funoiion to get the best mode!, predictions, and best score
hergano_stack_model, bergamo_stack_pred, bergamo_stack_score = effect_sestimators(bergamo_meta_features, test
_y_bergamo, bergamo_meta_features)

print ("Best Score:", bergamo_stack_score)

print ()

# Lvaluation Tools

# Call the eval_metrics function and store the resulits in varifables

bergamo_stack_adj_R, bergamo_stack_rmse, bergamo_stack_mae, bergamo_stack_accuracy = eval_metrics(test_y_ber
gamo, bergamo_stack_pred, bergamo_meta_features)

Figure 34: Ensemble stacking model
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6.5 Bayesian Optimisation

Bayesian optimisation

# Weota learner
hergamo_meta_learner = xgh. ¥GBRegressor{n_est imators=100, random_state=123)

# Perform Payesian Search for the meta—ilearner
bergamo_baves_opt = BayesSearchCy¥({bergamo_meta_learner, hayes search, n_iter=10, cy=10,
scoring="neg_mean_squared_error", verbose=4, random_state=123)

# Fit the optimized metfa—learner on the metfa—-feaitures
hergamo_baves_opt . fiti{bergamo_meta_features, test_v_bergamo)

# Make prediciions using the meta—fearner on the test data
hergamo_baves_pred = bergamo_baves_opt . predict (bergamo_meta_features)

Figure 35: Bayesian search on the stacking model

6.6 Genetic Algorithm

The stacking model incorporating Genetic Algorithm follows a straightforward execution
approach, as all functionalities were assigned to the 'optimize_GA()' function in advance.

Genetic Algorithm

# 0Pt n:" GA function runmng

best_ LA"nDdeI _bergame = optimize_GA{bergameo_meta_features, test_y_bergamao)

Generation 1, RMSE: 4.14, MAE: 0,16, Accuracy: 84,43
Generation 2, RAMSE: 5.38, MAE: 0.32, Accuracy: 63,48
Generation 3, RMSE: 5.04, MAE: 017, Accuracy: 83,33
Generation 4, RAMSE: 5.9, WAE: 0,19, Accuracy: 81.48
Generation 5, BMSE: 3.7, MAE: 0,14, Accuracy: 8591
Generation B, PMSE: 2.4, MAE: 0.09, Accuracy: 91.31
Generation 7, PMSE: 2.4, MAE: 0.09, Accuracy: 91,31
Generation 8, PMSE: 3.75, MAE: 0.14, Accuracy: 85,61
Generation 9, BMSE: 3.001, MAE: 0.11, Accuracy: 89.02
Generation 10, BMSE: 3.01, MAE: 0,11, bccuracw: 83,02
Generation 11, BMSE: 3.01, MAE: 0,11, bccuracw: 83,02
Generation 12, RMSE: 2.45, MAE: 0,09, bccuracw: 91.04
Generation 13, RMSE: 3.14, MAE: 012, bccuracw: 83,42
Generation 14, RMSE: 3.56, MAE: 0,13, bccuracw: 86,94
Generation 15, BM3E: 3.55, MAE: 012, bdccuracy: 8313
Generation 16, BM3E: 2.05, M&E: 0.07, bAccuracy: 92.91
Generation 17, BM3E: 2.3, WAE: 0.09, Accuracy: 91.28
Generation 18, BMSE: 2.35, MAE: 0.09, bccuracw: 91.17
Generation 19, RMSE: 2.84, MAE: 0,11, bccuracw: 83,23
Generation 20, PMSE: 2,05, MAE: 0,07, bccuracw: 92,91

Figure 36: Iteration of GA model with 20 Generation runnings

# Use e Dest model

best_GAmodel_bergameo fit{bergamo_meta_features, test_y_bergamao)
bergamo_GA_pred = best GAmodel_bergamo.predictibergamo_meta_features)

Figure 37: With best hyperparameters, Fitting and prediction for GA model
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7 Evaluation

To evaluate the model’s performance in Adjusted-R?, RMSE, MAE, Accuracy is same as
shown below.

I the eval_metrics function and store the results in variables
bergamc_stack_ad]_R, bergamo_stack_rmse, bergamo_stack_mae, bergame_stack accuracy = eval_metrics(test_y_bergama,
bergamo_stack_pred, bergamo_meta_features)

rint the results
print{"Adjusted R-squared:", bergamo_stack_adj_R)
print{"RMSE", bergamo_stack_rmse)
print{"Mean Absolute Error:”, bergamo_stack_mae)
print{"Accuracy:”, bergamo_stack_accuracy, "%")

Best Score: 0,9395333110774395

Addjusted R-squared: 1.0
RHSE: 0.16

Mean Absolute Error: 0,01
Accuracy: 99,41 %

Figure 38: Bayesian Optimisation

# Eunhrafion Tools
# Evaluation Tools

# Call the eval_metrics function and store the results in variables

bergamo_bayes_adj_R, bergamo_bayes_rmse, bergamo_bayes_mae, bergamo_bayes_accuracy = eval_metrics(test_y_bergamo,
bergamo_bayes_pred, bergamo_meta_features)

print{"Adjusted R-sguared:", bergamo_bayes_adj_R)
print("RMSE", bergamo_bayes_rmse)

print("Mean Absclute Error:”, bergamo_bayes_mae)
print("Accuracy:”, bergamo_bayes_accuracy, "%")

Adjusted R-squared: 0.94
RMSE: 2.09

Mean &bsolute Error: 0,08
boouracy: 9177 ¥

Figure 38: Bayesian Optimisation

# Use the best model

best_GAmodel_bergamo fit{bergamo_meta_features, test_y_bergamao)

bergamo_GA_pred = best GAmodel_bergamo.predictibergamo_meta_features)

# Evaluation Tools

# Call the eval_metrics function and store the results in vanables

bergamo_GA_adj_R, bergamo_GA_rmse, bergamo_GA_mae, bergamo_GA_accuracy = eval_metrics{test_y_bergamo,
bergamo_GA_pred, bergamo_meta_features)

# Print the results

print("Adjusted R-squared:", bergamo_GA_adj_R)
print("RMSE", bergamo_GA_rmse)

print("Mean Absolute Error:”, bergamo_GA_mae)
print("Accuracy:, bergamo_GA_accuracy, "%")

#djusted A-squared: 0.94
RMSE: 2.05

Mean Absolute Error: 0.07
hocuracy: 52,91 %

Figure 38: Genetic Algorithm
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