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Configuration Manual

Abhishek Pawar
Student ID; X23214112

1 Introduction
An implementation of Valorant pre-match betting advisory system using machine learning.
this configuration manual includes system configuration, Data collection, Library package

used, data merging and pre-processing. synthetic data generation, modeling. evaluation and
comparing, deployment and user interface.

2 System Configuration

The project was performed on the local system, hardware, and software as mention in figure
1 and figure 2

2.1 Hardware and software requirement’s

@ Device specifications

Device name
Processor
Installed RAM
Device ID
Product ID
System type

Pen and touch No pen or touch input i

Related links  Domain or workgroup ~ System protection ~ Advanced system settings

Windows specifications

Edition vs 11 Home Single Language
Version

Installed on

OS5 build

Experience

Microsoft Services Agreement
Microsoft Software License Terms

Figure 1: Hardware and software specification



2.2 Software used

In [53]: import sys
import notebook

In [55]: print(" pyhton wersion" + sys.version)
print(" jupyter notebook wersion" + notebook._ version_ )

pyhton version3.11.5 | packaged by Anaconda, Inc. | (main, Sep 11 2823, 13:26:23) [MSC v.191& &4 bit
{AMDE4) ]

jupyter notebock versiong.5.4

Figure 2: Jupyter notebook and python version

2.2.1 Jupyter Notebook Installation

1. Drag the cursor on the given link that will redirect to the download page of Anaconda. download the
latest version.

https://www.anaconda.com/download/

2. Install Anaconda on the desktop or else use Google Collabs. Once the installation has been completed
the screen appears in the web browser.

& DAT, & MO

® localhost:8888/tree/PROJECT%20NEW

~ jupyter Qut

Logout

Files Running Clusters

Select items to perform actions on them. Upload || Mew~ || &

(Jo | ~| W/ PROJECT NEW Mame ¥ || Last Modified Filz size
] seconds agoe

) [ catboost_info 17 days ago

O[O map_perfomance 10 days age

0 O MONGODB 3 hours ago

O O new 3 hours ago

) [D Original kaggel dataset 3 hours ago

) [D player_level_data 3 hours ago

Figure 3: Jupyter Notebook on the local server localhost:8888/tree

3 Data collection

Valorant Champion Tour 2021-2024 Data contains the last four years' data which includes
player, map, team, agents and IDs. To download this dataset, click on the given link that will
redirect to the Kaggle page. download the CSV file of the dataset

https://www.kaggle.com/datasets/ryanluongl/valorant-champion-tour-2021-2023-data



https://www.anaconda.com/download/
https://www.kaggle.com/datasets/ryanluong1/valorant-champion-tour-2021-2023-data

= a
Create i ‘
3 ~[30) ( mewriosemoo :
@ Ho
. -
Valorant Champion Tour 2021-2024 Data
A  Models
<> code
Data Card Code (O Discussion (2)  Suggestions (0)
E oi
B Learn About Dataset }’E"abi'i"
« Mo
Data will start updating once the 2025 season comes. If the dataset gets updated beforehand, it is due te error fixing or a team/player License

change their name.

Table of Contents

4 Project Directory

Name
® .ipynb_checkpoints
B cathoost info
Il final
B map_performance
m MONGODB
I new
Im Original kaggel dataset
" player_level_data
Il valo_data’

B app

E’E config

B pata
@8 FINAL REPORT

B MODELING

Date modified
11/24/2024 6:03 PM
11/24/2024 6:50 PM
12/12/2024 3:45 AM
12/1/2024 3:50 PM
12/11/2024 437 PM
12/11/2024 428 PM
12/11/2024 439 PM
12/11/2024 428 PM

12/11/2024 4:28 PM

12/11/2024 8:46 PM

12/12/2024 1:18 AM

Figure 5 : project directory

5 Library Package Requirement

MIT

Expected update frequency
Mon!

Figure 4: Kaggle dataset using project

Type

File folder

File folder

File folder

File folder

File folder

File folder

File folder

File folder

File folder

Python File
Microsoft Word 97...
IPYNB File
Microsoft Word 97...

IPYNB File 462 KB

Important libraries must be imported before running any cells. if packages have never been
installed use pip install "library name” in CMD or in jupyter cell. Figure 5 and figure 6 are
libraries using data preparation and modeling.



In [ ]: #Library
import pandas as pd
# pip install ctgan
import pandas as pd
from ctgan import CTGAN
from sklearn.mixture import GaussianMixture
from sklearn.model_selection import train_test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score, classification_report
from sklearn.preprocessing import MinMaxScaler
import os
from pymongo import MongoClient
import seaborn as sns
import matplotlib.pyplot as plt

Figure 6: library used in data preparation

In [1]: # Import necessary Libraries
import pandas as pd
from pymongo import MongoClient
from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score, classification_report, roc_auc_score
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from xgboost import XGBClassifier
from sklearn.neural_network import MLPClassifier
from sklearn.ensemble import GradientBoostingClassifier, AdaBoostClassifier, ExtraTreesClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC
from sklearn.linear_model import RidgeClassifier
import lightgbm as lgb
from catboost import CatBoostClassifier
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import SimpleRNM, Dense, Dropout
from tensorflow.keras.optimizers import Adam
from sklearn.experimental import enable_hist_gradient_boosting # nogo
from sklearn.ensemble import HistGradientBoostingClassifier
from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier
from sklearn.neural_network import MLPClassifier
from sklearn.linear_model import LogisticRegressicn
from sklearn.model_selection import cross_wval_predict
import pandas as pd
from pymongo import MongoClient
from xgboost import XGBClassifier
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEncoder, StandardScaler
import joblib
import pickle
import io
import bson

Figure 7: library used in modeling and deployment

6 Data Merging, Preprocessing, and Synthetic Data
Generation

Data merging is a crucial part of this project because was segregated into different CSV files.
so in this step, we will merge various data to form four import datasets which is
player_level data, map performance and team data, synthetic_odd_data, and match_data for
merging datasets we use Pandas and NumPy. Once data is merged next is data preprocessing
in this step data get cleaned removing missing values, duplicates, and nulls after that let's start
with data is not perfect for modeling so in this project, synthetic data generation techniques
were to tackle the issues like biased data, lack of data and imbalanced data

6.1 Player_level data

We start off by getting the code to bring in all the required CSV files and merge the data
together using Player IDs and Team IDs into a single dataset called player level data. Then,
data preprocessing is done to remove rows with missing values, duplicates etc. Then, we
store the cleaned dataset on a local device. Refer figures 7 and 8.



In [1]: import pandas as pd

# Load the datasets

players_stats = pd.read_csv('player_level data/M/players_stats.csv')

teams_ids = pd.read_csv{'player_level_data/M/teams_ids.csv')

tournaments_stages_matches = pd.read_csv('player_level_data/M/tournaments_stages_matches_games_ids.c
player_ids = pd.read_csv("player_level data/M/player_ids.csv')

# Step 1: Rename columns for consistency

players_stats.rename{columns={"Teams": "Team", "Player “Player Name"}, inplace=True)
teams_ids.rename(columns={"Team": "Team Name"}, inplace=True)
player_ids.rename(columns={"Player": "Player Mame"}, inplace=True)

# Step 2: Merge Player Stats with Player IDs
players_stats_merged = pd.merge(players_stats, player_ids, on="Player Mame", how="lsft")

# Step 3: Merge with Team IDs
players_stats_merged = pd.merge(players_stats_merged, teams_ids, left_

"Team", right_c

="Team Name", how="left")

# Step 4: Merge with Match Information using "Match Type"
players_stats_merged = pd.merge(players_stats_merged, tournaments_stages_matches, on="Match Type", how="left")

# 5tep 5: Select and rename relevant columns
final_player_data = players_stats_merged[[

"Match ID", "Player ID", "Team ID", "Agents”, "Kil
irst Kills", "Average Combat Score™, "Headshot %
mns=1{

"Agent”,

t Kills": "First_Bloods”,
werage Combat Score": "“ACS",
eadshot %": "Headshot_Percentage”

, "Deaths", "Assists™,

# Step 6: Process the Agent column to retain only the first agent in cases of multiple agents
final_player_data["&gent"] = final_player_data["Agent™].apply(lambda x: x.split(','}[8].strip() if isinstance(x, str) else x)

# Step 7: Clean ond reformat the data
# Convert percentage columns to float (removing ¥ sign)
final_player_data["Headshot_Percentage”] = final_player_data["Headshot_Percentage"].str.rstrip('%').astype(float)

# Remove duplicates and rows with missing Match ID or Player ID
final_player_data = final_player_data.drop_duplicates(}.dropna(subset=["Match ID", "Player ID"])

# Sague the final dataset
output_path = 'new/player_Level_data. v
Final_player data.to csv(output path, index=False)

I

# print(f"Cleaned dotaset saved at: {output_path}")

final_player_data

Figure 8: data merging player level data code.

puEL Match ID  Flayer ID Team ID Agent Kills Deaths Assists First Bloods ACS Headshot Percentage
0 235353.0 2558 T035.0 cypher 15 18 T 3 2000 21.0

3 2353640 9558 70350 cypher 18 18 7 208.0 210

& Z235568.0 o552  TO35.0 oypher 15 15 7 = 2000 21.0

& 235567.0 25528 T035.0 cypher 15 15 T 3 202.0 21.0

11 235568.0 9558  7035.0 cypher 18 19 T 3 zoe.0 210
4747061 2TI672.0 2301 126940 raze G4 44 14 T 200.0 22.0
4747062 205610.0 301 1289040 raze o4 44 14 T 200.0 23.0
1747065 203698.0 301 128940 raze 84 Ex 14 7 =2e0.0 =220
AT4AFOE7 2874158.0 301 128840 raze 54 44 14 T 2800 220
4747070 Z206740.0 2301 126940 raze G4 44 14 T 200.0 22.0

689900 rows = 10 columns

Figure 9: Data merging player level data

Now will start with synthetic data generation using CTGAN. The metrics: Kills, deaths,
assists, ACS, and headshots percentage were merged as it was relative; higher kills contribute
to a higher ACS value. Refer figure 9.



In [3]: dmport pandas as pd
from ctgan import CTGAN

# Lood the uplogded dota
data = pd.read_csv{'new/player_level data.csv')

# Step 1: Preprocess ‘Headshot %' column
data[ 'Headshot_Percentage'] = data[ "Headshot_Percentage']

# Step 2: Remove duplicates
data.drop_duplicates({inplace=True)

# Step 3: Limit Kills and Degths to maximum thresholds
data.loc[data[ 'Kills"] » 52, 'Kills"] = 52
data.loc[data[ 'Deaths'] » 36, 'Deaths'] = 36

# Step 4: Separate original columns te retain
original_columns = ["Match ID', 'Player ID', 'Team ID', 'Agent”]
original_data = data[original_columns].dropna() # Drop rows with NaN values

# Select columns for synthetic data gemeration
columns_to synthesize = ['Kills', 'Deaths’', "Assists®, 'First_Bloods', "ACS', "Headshot Percentage’]
training_data = data[columns_to_synthesize].dropna().sample(n=3888, random_state=42)

# Initiolize and troin the CTGAN model with the specified constraints
ctgan = CTGAN(epochs=158)
ctgan.fit(training_data, columns_to_synthesize)

# Generote synthetic data and apply Limits for consistency
synthetic_data = ctgan.sample{len{original_ data))
synthetic_data.columns = columns_to_synthesize
synthetic_data['Kills"] = synthetic_data['Kills"].clip{upper=52)
synthetic_data[ 'Deaths'] = synthetic_data[ 'Deaths'].clip{upper=36)

# Ensure synthetic data reflects professional game dynamics: more Kills/Assists = higher Average Combat Score
synthetic_data[ 'ACS'] = synthetic_data['Kills'] * 1@ + synthetic_data['Assists"] * 5

# Step 5: Combine original and synthetic data

final_data = pd.concat([original_data.reset_index{drop=True}, synthetic_data], axis=1)

final_data

Match ID Player ID TeamID Agent Kills Deaths Assists First Bloods ACS Headshot Percentage

0 2353830 0558 70350 cypher 13 7 20 1 275 270
1 225364.0 8558  T035.0 cypher 43 15 22 5 540 270
2 235588.0 0558  T035.0 eypher 45 14 25 3 575 00
3 235567.0 9558  T035.0 cypher 52 36 12 26 610 17.0
4 235568.0 0558 70350 eypher 52 34 2] e 585 7o

Figure 10: CTGAN applied on player-level data
After the data is successfully generated, it is stored in a CSV file
nsanew/player_level data_main_syn.csv.

6.2 Map Performance And Team Data

It imports and cleans datasets related to map performance, team stats and pick rates,
standardizing column names and converting percentages to floats. After this, it merges these
datasets on keys such as "Tournament” and "Map", and creates a single, cleaned dataset that
is stored locally new/map_performance_team_data.csv for further analysis. No synthetic data
is generate in this step. As mentioned in the figure 10 and 11.



Map Performance And Team Data

In [6]: import pandas as pd

# File paths for datasets

maps_stats_path = 'map_performance/M/maps_stats.csv'

teams_picked_agents_path = 'map_performance/M/teams_picked agents.csv'
agents_pick_rates_path = 'map_performance/M/agents_pick_rates.csv’
teams_1ids_path = 'map_performance/M/teams_ids.csv’

tournaments_path = 'map_performance/M/tournaments_stages_matches_games_ids.csv'

# Step 1: load the datasets

maps_stats = pd.read_csv(maps_stats_path)
teams_picked_agents = pd.read_csv(teams_picked_agents_path)
agents_pick_rates = pd.read_csv(agents_pick _rates_path)
teams_ids = pd.read_csv(teams_ids_path)
tournaments_stages_matches = pd.read_csv(tournaments_path)

# Step 2: Clean and Standardize Datasets

# Clean maps_stats

maps_stats = maps_stats.rename(columns={
"Total Maps Played": "total_maps_played",
"Attacker Side
"Defender Side

in Percentage": "attacker win_pct",
in Percentage": "defender_win_pct”

W
1)

maps_stats["attacker_win_pct™] = maps_stats["attacker_win_pct"].str.rstrip('%"').astype(float)
maps_stats["defender_win_pct"] = maps_stats["defender_win_pct"].str.rstrip('%"').astype(float)

# Clean teams_picked _ogents

teams_picked_agents = teams_picked_agents.rename(columns={
"Total Wins By Map": "wins_by_map",
“"Total Loss By Map": "loss_by_map"”,
"Total Maps Played": "maps_played"

1)

# Clean agents_pick rates

agents_pick_rates = apents_pick_rates.rename(columns={
"Pick Rate": "pick_rate"

3]

agents_pick_rates["pick_rate”] = agents_pick_rates["pick_rate"].str.rstrip('%"').astype(float)

# Ensure consistency in teaoms_ids
teams_1ids.rename(columns={"Team": "team"}, inplace=True)

# Step 3: Merge Datasets

# Merge teams_picked ogents with maps_stats
merged_maps_agents = pd.merge(
teams_picked_agents, maps_stats,
on=["Tournament", "Stage", "Match Type", "Map"]1,
how="1eft"

Figure 11: Map Performance And Team Data code



In [7]

Team

Match ID Toumament  Stage Map  Team |5 maps_played wins_by_map loss_by_map total_maps_played attacker_win_pot

defender_win_g

Champions
Tour 2023

2353863.0 EMEALast Playofis Fracture
Chance
Qualifies

Team
Herction 1001 1 o 1 1

Champions
Tour 2023:

2353820 EMEALast Piayefs Fracture
Chanoe
Qualifier

Team
ertes 1001 1 o 1 1

Champions

Tour 2023:
235362.0 EMEALast Playofls Fraciure KOl 7035 1 1 [} 1

o

Cnampions
Tour 2023:

2352362.0 EMEALast Playefls Fraciure KOl 7035 1 1 o 1
Chance
Quaiifier

~

Champions
Tour 2023:

2353830 EMEALast Plsyofs Pear =

Heretics

10

1001 1 1 o 1

Rex

Tour 2024:  Group =
46868 2067400 Pachic Sioge Dreeze Regum 478 1 1 o 1

Tour 2024:  Group

46872 2087400 cacne  oroge

losbox  Gen.G 17 1 1 o 1

Champions
Tour 2024:  Group

46876 2067400 cacne  oige  loebox  GenG 17 1 1 o 1
Kickoff

Champions
Tour 2024:  Group
Pacific  Stsge

Rex
losbox Regum 878 1 o 1 1
Qeon

46877 2067400

Champions .

46880 2osT4pn  TOUr2024 Group oo, Regum 87 1 o 1 1
Pacfic  Stage egum
Kickaff

22279 rows * 15 columns

# Step 6: Sove the Final dataset
output_path = ‘new/map_performance_team_data.c
final_dataset.to_csv(output_path, index-False)

print(f"Optimized dataset saved at: {output_path}")

Figure 12: Map Performance and Team Data output

6.3 Synthetic Data Generation

The code begins by loading all necessary CSVs specifying both tournament match details and
team ID. Implied probabilities for each team are generated using Gaussian Mixture Models
(GMM) and simulated odds are calculated by applying random adjustments. Entries in the
dataset and the cleaned dataset are duplicated removed, and saved for analysis. As mentioned

in the figure 12 and 13.

In

synthetic_odd_data

[8]: dimport numpy as np

import pandas as pd
from sklearn.mixture import GaussianMixture

# Looa the datosets
tournaments_stages_matches_games_ids - pd.read csv(’
teams_ids = pd.read_csv('valo_datal/teams_ids.csv')

matches_games_ids.csv')

the ‘Match Name' column to extract 'Te

#Sp m_A" and *Team_B
tournaments_stages_matches_games_ids[['Team_A

# Merge to get Tear D and Team 8_ID
synthetic_dstaset = tournaments_stages_matches_games_ids .merge(

teams_ids, how='left', left_on='Team _A', right_on="Team'
).rename(columns={ Team ID': 'Team_A_ID'}).drop(columns=[ Team" ]}
synthetic_dataset = synthetic_dataset.merge(

teams_ids, how='left', left_on-'Team B', right_on-'Team'

t_
Y.rename(columns={'Team ID': 'Team B_ID'}).drop(column:

*Team® 1)

#Generate Implied Propapilities using GMM
np.random.seed(42)
GaussianMixture(n_components—2, randem_state-22)
gmm.Fit(np.array([.35, 8.5, 0.65]).reshape(-1, 1)) # Adjusted range for o rea

stic spread

# Generate probabilities for Team A with randomness

implied_probs_a = gnm.sample(len(synthetic_dataset))[8].Flatten()

synthetic_dataset[ Implied_Proo_A°] = np.clip(implied_probs_a + np.random.normal(e, ©.62, len(implied_probs_a)),
synthetic_dataset[ Implied Prob_B°] = np.clip(l - synthetic dataset[ Implied Prop A'] + np.random.normal(e, 2.2,

# Step 4: Calculate Simulated Odds with Added Variab
random_adjustment_a - np.random.normal(1.2, 2.85, siz -
random_sdjustment_b = np.random.normal(l.2, @.95, size=len(synthetic_dataset))

synthetic_dataset[Simulated Odds_A'] = np.clip(1 / synthetic_dataset['Implied Prob_A'] * random_adjustment_a, 1,
synthetic_dataset[Simulated Odds_B'1 = np.clip{l / synthetic_dataset['Implied Prob_B'] * random_adjustment b, 1,

# Step 5: Remove duplicate Match
synthetic_dataset_cleaned = synthetic_dstaset.drop_duplicates(subset=
final_synthetic_dataset = synthetic_dataset_cleaned[[

‘Match D', ‘Match Mame', ‘Team A’, ‘Team A ID', ‘Team 8', ‘Team B_ID',

‘Implied Prob_A', ‘Implied Prob_B', 'Simulated_Odds_A', 'Simulated_Odds_B'

and select relevant columns for the final dataset
"Match ID°])

Final synthetic_dataset

Figure 13: Synthetic Data Generation using GMM

'Team 8'11 = tournaments_stages_matches_games_ids['Match Mame'].str.split(’ vs

.35, @.65)

len(implied_prc
18)
)]

3

2

2¢

2

2

N

3t

ES

ES



Out[8]: Match

D Match Name Team_A Team_A_ID Team_B Team_B_ID Implied_Prob A Implied_Prob_B Simulated_Odds_A Simulated_Odds B
0 247100 Team Liquid vs ooy ) 500 474 Natus 4015 0.483578 0.560300 2082384 1.720481
Matus Vincere incere
2 247101 DRX vs LOUD DRX 28135 Loun 8061 0.420414 0.584861 2213260 1.311085
5 247087  FUT EsportsvsT1 FUT Esports 1134 T 14 0.477848 0.524012 1837772 1873007
7 247086 Evil Geniuses vs Bl 5248 FunPlus 11328 0481102 0511065 2202433 1834132
FunPlus Phoenix Geniuses Phoenix
9 za7ipz  MatusVincers vs AT 4015 DRX 8185 0.400821 0.502205 2 524400 1.810348
DR Wincere
_ ZETADIVISION vs ZETA
1922 207253 N viaon 5448 Team Secret 810 0630818 0.350000 1.456858 2.081030
. Gen.G vs ZETA . ZETA ) ) _
1924 207255 e Gen G 7 e 5448 0.650000 0.350000 1561343 2673436
1926 287256  T1vs Paper Rex T1 14 PaperRex 624 0.600485 0.380466 1641575 2606762
1928 287257 ORX vs Gen. G DRX 2135 GanG 17 0.650000 0.350000 1778702 2077534
1930 207253 PaperRexvs GenG  Paper Rex 624 GenG 17 0.624044 0387810 1.840858 2685237

T65 rows = 10 columns

Figure 14: Synthetic Data Generation using GMM Output
6.4 Match Data Using RF

First it imports required libraries and datasets to begin the code with tournament match
details and synthetic odds. We have merged these datasets on Match ID derived a Simulated
Winner column based on simulated odds and prepared the data for modeling by selecting
features relevant to modeling and converting target labels to binary. The data is used to train
the Random Forest Classifier that predicts wins. Files is stored locally at
new/match_data.csv. Refer to figures 14 and 15

match_data using RF

In [18]: |import pandas as pd
From sklearn.model_selection import train_test _split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score, classification_report
import numpy as np

# Load the datasets

tournaments_stages_matches = pd.read_csv('valo_datal/tournaments_stages_matches_games_ids.csv')
simulated_odds = pd.read_csv('new/synthetic_ocdd_data.csv')

# Merge the datasets on ‘Match ID'

merged_dsta = pd.merge(tournaments_stages_matches, simulated_odds, on='Match ID')

# Define the winner based on the simulated odds
merged_data['Simulated Winner'] = merged data.apply(
lambda row: ‘Team_A' if row['Simulated_Odds_A'] < row['Simulated_Odds_B'] else 'Team_B', axis=1

5

Prepare data for modeling
merged datal['Simulated Odds A’, 'Simulated Odds B°, 'Imp:
merged_data[®Simulated_Winner®].spply{lambda x: 1 if x ==

x |_Prob_A', 'Implied Prob B5'1]
¥ am_A' else B) # Convert to binory

# SpLit data into trainming and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=90.3, random_state=42)

# Train the Random Forest Clossifier
rf_model = RandomForestClassifier(random state=42}
rf_model.fit(X_train, y_train)

# Evaluate the model

-predict{X_test)

accuracy_score(y_test, y_pred))

ion Report:in”, classification_report(y_test, y_pred))

the entire dataset
n*] = rf_model.predict(x)

merged_datal 'Predicted Winner'] = merged datal'Predicted Team A Win'].apply(lambda x: "Team A’ if x == 1 else 'Team B")
Accuracy: 1.@
Classification Report:
precision recall fl-score  support
] 1.00 1.89 1.09 319
1 1.90 1.0 1.00 262
accuracy 1.09 581
macro ave 1.00 1.89 1.09 581
weighted avg 1.00 1.0 1.00 581

Figure 15: Generate winning using random forest



In [11]: # Prepare the fFinal dataset with necessary columns, remove Team A Win and convert "Winner™ to binary
synthetic_m = merged_data[[ 'Match ID', 'Stage', 'Team_A', 'Team B',
'Map', 'Tournament', 'Simulated Odds A', 'Simulated Odds B', 'Predicted Winner']]

# Rename columns to the reguired format
synthetic_m.columns = ['Match ID', *Date’, 'Team_A', 'Team B', 'Map’, 'Tournament®,
'Odds_A', 'Odds_B', 'Winner']

# Convert the "Winner" column to binary: Team A -> 1, Team B -»> @
synthetic_m['Winner'] = synthetic_m['Winner'].apply(lambda x: 1 if x == 'Team A' else @)

# Drop duplicate Match ID rows to ensure unique matches
synthetic_match = synthetic_m.drop_duplicates(subset=[ "Match ID'])

# Display the Final synthetic match dataset
synthetic_match

C:\Users\ASUS\AppDatailLocal\Temp\ipykernel 21936\17390@3082.py:18: SettingWithCopyWarning:
A walue is trying to be set on a copy of a slice from a DataFrame.
Try using .loc[row_indexer,col_indexer] = value instead

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-v
rsus-a-copy
synthetic_m['Winner'] = synthetic_m[ 'Winner'].apply(lambda x: 1 if x == 'Team A" else @)

OQut[1l]: Match ID Date Team_A Team_B Map Tournament Odds_A Odds_B Winner
o 247100 Group Stage Team Liguid Matus Vincere Fracture Valorant Champions 2023 2.082384 1.720461 o

2 247101 Group Stage DRX LouD Lotus Valorant Champions 2023 2.213262 1.811065 o

5 247087 Group Stage FUT Esports ™ Pearl Valorant Champions 20223  1.937772 1.872007 o

T 247088 Group Stage Evil Geniuses FunPlus Phoenix  Ascent Walorant Champions 2023 2.202433 1.834132 o

9 247102 Group Stage Matus Vincere DRX Bind ‘alorant Champions 2023 2.524482 1.8310348 o
1922 287283 Play-Ins ZETA DIVISION Team Secret  lcebox  Champions Tour 2024: Pacific Hickoff 1.455858 3.081030 1
1924 207255 Play-Ins Gen.G  ZETADIVISION cebox  Champions Tour 2024: Pacific Kickeff 1.581342 2873428 1
1926 207258 Playoffs T1 Faper Rex Split Champions Tour 2024: Pacific Kickoff 1.641575 2.803762 1
1928 297257 Playoffs DRX Gen.G Bind Champions Tour 2024: Pacific Kickeff 1.776792 3.077534 1
1930 207258 Playoffs Paper Rex Gen.G Ascent Champions Tour 2024: Pacific Hickoff 1.540858 2865237 1

765 rows = 9 columns

Figure 16: Merge generated synthetic data and output

All merging, preprocessing, and synthetic data creation files generated are moved to the
valol folder in the project directory as well as additional CSV files like team_id, player_id,
and tournaments stages matches games IDs.

7 Uploading All The Datasets In MongoDB

uploading all the datasets in MongoDB from the wvalol folder. use
"mongodb://localhost:27017/" to connect with mongo server. Once the connection is
established files are moved to the valorant database, in the valol collection. Refer figure 16
and 17.

uploading all the dataset in mongoDB

mava all the generatad dataset rom new folder 1o valal

rt Mongoclient

client = MongoClient(“mongodb://locelnost:27817/°)
b - e1lentl ualeinl

rolaer_patn

7 geaiimction_namerc. )

from (file_pmth}: {e}")

Znes_gsmes_ios), “tournsments steges matches games icsy
hatn. teamsia
(om.path.Join(folder_path, Match_Data_Team Level), “Maten_Data”)

Date from Ci\Users\ASUS\PRGIECT MEWLvAlo_datalipleyer_level_dsta_mein_syn.csv has been successfully loaded into the collection
Data fro U

=r=VASUSWRROIECT MEWLvalo_datal\map_performance tesm dats.csw has been successfully leaded into the collection

Figure 17: Code to fetch file and insert into MongoDB
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map_performance

- * VALORANT

Documents: Avg. document size: Indexes: Total index size:
* & odmin 2K 365.008 1 23757 kB
» 8 config
» 8 local
Match_Data
» & main_db
» & valel + ¥ Storage size: Documents: Avg. document size: Indexes: Total index size:
81.44kB 755 215008 1 24.58 kB
M Motch_Dato
@ mop_performance
W ployer_id player_id
M ployer_lsvsl_dota . ) .
Documents: Avg. document size: Indexes: Totalindex size:
I simulated odds 384 55.008 1 20.48 k8
m teams_ids
M tounaments_stagss_matches._...
player_level_data
Storage size: Documents: Avg. document size: Indexes: Total index size:
27.07 MB 890K 180.00B 1 730 MB

Figure 18: file successfull uploaded into database
8 Fetching data from MongoDB

Now data is uploaded successfully into the database it is time to fetch data from the database for further
execution. Refer figure 18.

In [14]: # Import necessary Libraries
import pandas as pd
from pymongo import MongoClient

# Connect to MongoDB
client = MongoClient("mongodb://localhost:27017/")
db = client["valol"]

# Function to fetch and display data from a specific collection
def display_collection data(collection_name, limit=5):

# Fetch the collection

collection = db[collection_name]

# Retrieve data with a Limit for display
data = list(collection.find().limit(limit))

# Convert to DataFrame for better readability
df = pd.DataFrame(data)

# Display the data

print(f"Data from collection '{collection_name} :")
display(df)

display_collection_data("player_level_data")

Data from collection 'player_level data':

_id MatchID PlayerlD TeamID Agent Kills Deaths Assists First_ Bloods ACS Headshot_Percentage

0 6759bdc67f877ea757c15fe2 235363.0 9558 70350 cypher 1 19 4 12 130 20
1 6759bdc67f877ea757c15fe3 2353640 9558 70350 cypher 33 11 4 2 350 350
2 6759bdcE7f877ea’57c15fed 235566.0 9558 70350 cypher 31 12 18 0 3%0 19.0
3 6759bdc67f877ea757c15fe5 2355670 9558 70350 cypher 9 32 13 7 155 210
4 6759bdc67f877ea7b7c156fe6  235568.0 9568 70350 cypher 35 18 3 0 365 250

In [15]: display collection data("simulated_odds")
display_collection_data("tournaments_stages_match_types_ids")
display_collection_data(“tournaments_stages matches_games_ids™)
display_collection_data("teams_ids" )l
display_collection_data("Match_Data")

Data from collection 'simulated_odds':

Figure 19: Fetching data from MongoDB
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In [28]: win_counts = match_data[ Winner'].value counts()
sns._barplot(x=win_counts.index, y=win_counts.values)
plt.title("Win Count by Team")
plt.show()

Win Count by Team

400

350 A

300 A

250 1

200 1

150 ~

100 ~

Winner

Figure 20: To check data is not bias or imbalance

9 SUPERDATASET

combin agg and create superdataset

Figure 21: SUPERDATASET
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The data is combine and aggregated to create a superdataaset using match data, player stats, map, and simulated
odds. Combine using player I1Ds, match 1Ds, and team IDs. And then save it in a new database named main_db
and collection name superdatasetl. Refer figure 20 and 21.

Documents 7464 Aggregations Schema Indexes 1 Validation
CONNECTIONS (1) X +
‘ Search connections | A 4 O~ Type a query: { field: 'value' } or Generate query +,
v ¥ VALORANT
- . [+ WL/ SR | (¢ EXPORTDATA + | | #° UPDATE | | @ DELETE |
» & admin . . /
» & config
» g ocal _id: ObjectId('6759bdf77f877ea757cc4dla’)
Match ID: 247168
+ £ main_db Date : "Group Stage"
Map : "Fracture"
im models Tournament : "Valorant Champions 2023"
B superdataset] Team_A_ID : 474
Team_B_ID : 4915
v £ valol Team_A_Kills : 469
S ) Team_A_Deaths : 276
8 Match_Data Team_A_Assists : 234
B mop_performance Team_A_ACS : 450.7692307692308

I ployer_id

B ployer_level_data

B simulated_odds

I tsoms_ids

B tournaments_stages_matches_...

Team_A_Headshot_Percentage : 31.384615384615383
Team_A_First_Bloods : 32

Team_B_Kills : 313

Team_B_Deaths : 255

Team_B_Assists : 185

Team_B_ACS : 368.6363636363636
Team_B_Headshot_Percentage : 25.909090909@9091
Team_B_First_Bloods : 36

Implied_Prob_A : ©.44877814741216
Implied_Prob_B : 0.55122185258784
Simulated_Odds_A : 2.2173744716305275
Simulated_0dds_B : 1.7219373361969992

Winner : @

Figure 22: Superdataset move to MongoDB

10 Modeling

Firstly, connect to the new database name superdatasetl then fetch data. Drop MongoDB's default °_id" column
if present then Relevant columns for features and targets are selected and displayed data frame. Refer figure 22.

# Connect to

MongoDs

client = MongoClient(“mongodb://localhost:27017/")

db =

client["main_db"]

# Fetch the cleaned superdataset from HongoDB

superdataset

= pd.DataFrame(list(db["superdatasetl™].find()))

In [2]: # Drop MongoDB's default ~_id” column if present
if "_id” in superdatasst.columns:
superdataset = superdataset.drop{columns=["_id"])
In [3]: # Relevant columns for features and target
festures -
“Map°,
‘Team_A_ID", Team_A_Kills®, "Team_A Deaths’, "Team A_ACS', 'Team A Headshot_Percentage’, ‘Team A _First_Bloods®, "Team A_Assi
‘Team_B_ID", "Team B_Kills', 'Team B_Deaths®, "Team_B_ACS®, °"Team B_Headshot_Percentage’, "Team B_First_Bloods', "Team B_Ass
1
target = ‘Winner®
In [4]:
X = superdataset[features]
y - superdataset[targst]
In [5]: %
Outls]: Map Team_A_ID Team_ A_Kills Team_A_Deaths Team A_ACS Team_A_Headshot_Percentage Team_A_First Bloods Team_ A_Assists Team_B_ID Tea
0 Fracture 474 4890 276.0 450 769231 31.384615 320 2340 415
1 Lotus s185 303.0 287.0 292083333 25.583333 51.0 95.0 6961
2 Pear 1184 6867.0 s79.0 308 076923 28 807692 138.0 2680 14
3 Ascent 5248 5710 4350 386 944444 25333333 930 2510 11328
4 Bind 4915 4500 4180 357.252941 24.529412 125.0 315.0 8185

Figure 23: Modeling connection and feature selection

Labelencoder is used to convert map names into numerical refer figure 23.
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In [6]: from sklearn.preprocessing impert LabelEncoder, StandardScaler

# Encode categorical features
categorical_features = ["Map’]
label encoders = {col: LabelEncoder() for col in categorical features}

for col in categorical features:
X[col] = label_encoders[col].fit_transform(X[col])

C:\Users\ASUS\AppData‘local\Temp\ipykernel 2460@\3655108482.py:8: SettingwithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame.
Try using .loc[row_indexer,col indexer] = value instead

See the caveats in the documentation: https://pandas.pydata.org/pandas-docs/stable/user_guide/indexing.html#returning-a-view-ve
rsus-a-copy
X[col] = label_encoders[col].fit_transform{X[col])

In [7]: X
out[7] Map Team_A_ID Team_A_Kills Team_A_Deaths Team_A_ACS Team_A_Headshot Percentage Team_A_First_Bloods Team_A_Assists Team_B_ID Team_
(1] 4 474 469.0 276.0 450.769231 31.384615 320 2340 4915
1 7 8185 303.0 2870 292 053333 25583333 51.0 85.0 6961
2 8 1184 B667.0 579.0 308.076923 25807692 138.0 268.0 14
3 1 5248 571.0 4330 386.944444 28333333 93.0 251.0 11328
4 2 4915 450.0 4150 357.352941 24529412 125.0 315.0 8185
759 B 5445 250.0 196.0 300.909091 27 000000 60.0 162.0 6189
760 B 17 633.0 4410 436.358888 29611111 83.0 305.0 5443
761 9 14 295.0 2940 340.000000 31.545455 370 158.0 624
762 2 8185 933.0 786.0 333.362353 30470588 132.0 401.0 17
763 1 624 2060.0 17650 329610380 27 779221 365.0 956.0 17

764 rows = 15 columns

Figure 24 Labelencoder

In [8]: Split the data into training and testing sets

#
X _train, X_test, y_train, y test = train_test_split(X, y, test_size=08.2, random_state=42, stratify=y)

In [9]:
# Scale the features
scaler = StandardScaler()
X_train = scaler.fit_transform{X_train)
X_test = scaler.transform(X_test)

Figure 25: Splitting data training and test and using standard scaler

Superdataset is split into train and test 80:20 ratio also used standard scaler for reference figure 24.

11 Model pipeline

Model pipeline is created using This script either evaluates a machine learning model's performance by using
accuracy, F1 score, ROC AUC, precision, and recall or it visualizes a confusion matrix. Refer figure 25.
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MODEL PIPELINE

In [12]: from sklearn.metrics import accuracy_score, fl_score, roc_suc_score, precision_score, recall score, confusion_matrix
import seaborn as sns
import matplotlib.pyplot as plt

def evaluate_model{model, X_test, y_test, model name):
y_pred = model.predict(X_test)
y_pred_proba = model.predict_proba(X_test)[:, 1]

# Metrics

accuracy - accuracy_score(y_test, y_pred)
f1 - f1_score(y_test, y_pred)

roc_auc - roc_auc_score(y_test, y_pred_proba)
precision - precision_score(y_test, y_pred)
recall - recall_score(y_test, y_pred}

cm - confusion_matrix(y_test, y_pred)

# Print metrics
print(f"{model_name} Performance:")
print(f Accuracy: {accuracy:.2f}")
print(f"Flsn-Score: {fl:.2f}")
print(f"ROC-AUC: {roc_auc:.2f}")
print(f"Precision: {precision:.2f}")
print(f"Recall: {recall:.2f}")

# Plot confusion matrix

plt.figure(figsize=(6, 4))

sns.heatmap(cm, annct=True, fmt='d', cmap="Blues', xticklabels=[‘'Class @', 'Class 1'], yticklabels=['Class @', ‘Class 1'])
plt.xlabel("Predicted")

plt.ylabel("Actual”)

plt.title(f"{model_name} Confusion Matrix"}

plt.show()

return accuracy, 1, roc_asuc, precision, recall

# Initialize the results dictionary to store cvaluation metrics
results = {}

Figure 26: Model pipeline evaluation.

Multiple machine models were implemented such as Logistic Regression, Random Forest and
Gradient Boosting, Bagging, AdaBoost, Recurrent Neural Network and hybrid model, etc.,
and evaluated using accuracy, f1, precision, and recall refer to figures 26 and 27.

In |11]:
# Convert results to DataFrame
results_df = pd.DataFrame(results, index=['Accuracy", 'Fl-Score’, 'ROC-AUC', 'Precision’, 'Recall'])

# Model 1: XGBoost

xgh model = XGBClassifier(n_estimators=20@, max_depth=4, learning_rate=9.@5, random_state=42)
xgh model.fit(X train, y train)

results[ 'XGBoost'] = evaluate_model(xgb_model, X_test, y test, "XGBoost™)

XGBoost Performance:
Accuracy: @.73
Fl-Score: @.73
ROC-AUC: ©.76
Precision: @.73
Recall: @.73

XGBoost Confusion Matrix

Actual
Class 0

Class 1

1
Class 0 Class 1
Predicted

In [12]: # Model 3: Logistic Regression
from sklearn.linear_model import LogisticRegression
1lr_model = LogisticRegression(random_state=42, max_iter=108)
1r_model.fit(X_train, y_train)
results['Logistic Regression'] = evaluate_model(lr_model, X_test, y_test, “Logistic Regression")

Figure 27 machine learning model

15



Model Comparison:

XGBoost Logistic Regression MNaive Bayes Decision Tree

Accuracy @.725498 2.660131 B.673283
Fl-5core @.734177 @.857895 B.683544
ROC-AUC B.742735 8.7a8547 8.714781
Precision @.725880 B8.675676 B.675808
Recall @.743598 2.641826 B.692303
Gradient Boosting AdaBoost SVM KNI
Accuracy @2.785882 @.627451 ©.785882 @.5628915
Fl-Score 2.781987 @.636943 ©.716981 @.632911
ROC-AUC @2.747863 @.673333 ©.745128 @.5650868
Precision 2.726827 ©.632911 @.783704 @.525800
Recall @.679437 ©.6418926 ©.7307869 ©.841826
Bagging HGEB RNN

Accuracy @.673203 ©.699346 @.5686275
Fl-Score 9.687508 ©.785123 0.700888
ROC-AUC @.7176@7 @.739329 @.734359
Precision @.678732 ©.785123 @.682927
Recall @.785128 @.785123 @.717949

Figure 28 Evaluation
Create a histogram for model comparison refer figure 28

Model Performance Comparison
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Figure 29 Model comparison histogram

XGBOOST performs very well out of all models also model is fast and can handle big data. The XGBOOST is

the best model to deploy.
12 Save final model

This scripts connects to a MongoDB databases to fetch a dataset, preprocess the dataset by encoding categorical
feature and scaling numerical values, trains an xgboost model, and save the trained model, and label encoder

and scaler to MongoDB for later use. Refer image 29
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DEPLOYMENT

In [26]:
# Import necessary Libraries
import pandas as pd
from pymonge import MongoClient
from xgboost import XGBClassifier
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEnceder, StandardScaler
import joblib
import pickle
import ic
import bson

# connect to MongoDB
client = MongoClient("mongodb://localhost:27@17/")
db = client["main_db"]

# Fetch the superdotoset From MongoDB
superdataset = pd.DataFrame(list({db["superdatasetl”].find(}))

# Drop Mongopg's defoult *_id” column if present
if "_id" in superdataset.columns:
superdataset - superdataset.drop(columns=["_id"])

# Relevant columns for features and target

features = [
“Map',
"Team_A_ID', 'Team_A_Kills', 'Team_A Deaths', 'Team_A_ACS',
"Team_A_Headshot_Percentage', 'Team_A_First Bloods®, ‘Team A Assists’',
“Team B_ID', "Team_B_Kills®, 'Team_E Deaths', 'Team_B_ACS",
"Team B_Headshot Percentage', 'Team B First Bloods®, 'Team B Assists'

target = "Winner'

# Split dota into features (X) and target (y)
¥ = superdataset[features]
y = superdataset[target]

# Encode categorical features
label_encoder = LabelEncoder()
X[ 'Map'] = label_encoder.fit_transform({X[ 'Map'])

# Scale features
scaler = StandardScaler()
X = scaler.fit_transform{X)

# split the dota into training ond testing sets
¥_train, X_test, y_train, y_test = train_test split(x, y, test_sire-6.2, random_state-42)

# Train the XGBoost model
xgb model = XGBClassifier{n estimators=ze@, max_depth=4, learning rate-2.8s5, random_state-42)
xgb_model.fit(X_traim, y_train}

# Save the XeBoost model to MongoDe

model_buffer = io.BytesIof)

joblib. dump({xgh model, model buffer)

model_bson = bson.Binary({model buffer.getvalue())

# Serialize the Label encoder and scaler
label_encoder_bsen = bsen.Bimary({pickle.dumps(label_encoder))
scaler_bson = bsen.Binmary{pickle.dumps{scaler))

# Insert the XaBoost model, Label encoder, and scaler into MongoDs
db[“medels"].insert_one({

Figure 30: Train and store xgboost model in MongoDB
13 Deploy final model

The code then from the MongoDB loads the XGBoost model, the label encoder, and the scaler by deserializing
them. That’s why it defines the calculate odds and earnings function that transforms probability into
bookmaker odds, takes operating margin into consideration, and calculates potential earnings depending on the
bet size. This makes a certain their betting calculations are precise. Refer to figure 30.
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# Retricve the XeBoost model from MongoDe
model_data = db["models"™].find_one({"model_name": “xgboost"})

# Deseriaglize the XxeBoost model
model_buffer = ic.BytesIO(model_data[“model_data"])
saved_xgb model = joblib. load(model_buffer)

# Deseriglize the Laobel encoder and scaler
label_encoder = pickle.loads(model_data["label_encoder™])
scaler = pickle.loads(model_data["scaler"])

print({"xGRocost model, label encoder, and scaler loaded from MongoDE.™)
®eBoost model, label encoder, and scaler loaded from MongoDE.
[29]:

def calculate_odds_and_earnings{prob_a, prob_b, bet_amount, margin-=9.85):

Convert probabilities imte realistic bookmaker odds and then calculate potential earnings.

Parameters:

- prob_a (fleat): Probability of Team A winning.

- prob_b {float): Probability of Team B winning.

- bet_amount {float): Amount of money bet.

- margin {fleat): Overrcund margin the bookmaker adds.

Returns:
- odds_a (fleat): Bookmaker odds for Team A.
- odds_b (fleat): Bookmaker odds for Team EB.
- earnings_a {float): Potential earnings if you bet on Team A and they win.
- earnings_b {float): Potential earnings if you bet on Team B and they win.
# Compute foir odds
if prob_a <= @ or prob_b <= &:
raise ValueError{“Probabilities must be greater tham 2.")

fair_odds_a
fair_odds_b

1.8 / prob_a
1.8 / prob_b

# To apply a margin, we distribute it proportionally.

# one approgch is te adjust eoch fair odds downword so that
# the implied probabilities sum to more tham 1.

# Implied probabilities from foir odds:

implied_a = 1.2 / fair_odds_a

implied b = 1.8 / fair_odds_b

sum_implied = implied_a + implied_b

# With a margin, we want sum implied > 1. For example,

# 1f we want g 5% margin, sum implied should be 1.85.

# We'Ll scale probabilities so their sum is equal to 1 + margin.
desired_sum = 1 + margin

scale_factor = desired_sum / sum_implied

# Adjusted probabilities with margin
adj_prob_a = implied_a * scale factor
adj_prob b = implied_b * scale factor

# convert bock to odds

odds_a = 1.@ / adj_prob_a
odds b = 1.8 / adj_prob_b

Figure 31: Fetching model from MongoDB and defines calculate_odds_and_earnings

The predict_match_outcome function calculates match probability using the XGBoost model, checks validation
and fetches team stats. data gets processed and predicts the probability of winning, odds, and earnings. Refer to
figure 32 and 33.
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def predict_match_outcome(team_s_id, team b_id, map_name, bet_amount=38):
Predict the probabilities for a match using the saved XGBoost model and
calculate realistic betting odds and potential earnings.

Parameters:

- team_a_id (int): ID of Team A.

- team_b_id (int): ID of Team B.

- map_name (Str): Map name.

- bet_amount (float): Amount of money to place as a bet.

Returns:
Hone. Prints out probabilities; odds; and potential earnings.
4 Validate teams
if team_a_id not in superdataset[ ' Team_A_ID° ].values:
raise ValueError(f Tesm A ID {team_a_id} iz not walid.”)
if team_b_id mot in superdataset[’'Team B_ID' ).values:
raise ValueError(f Tesm B ID {team_b_id} iz not walid.”)
if team_a_id team b id:
raise ValueError(“Team A& ID and Team B ID cannol be the same.")

& Volidate map
if map_name not in label_encoder.classes !
raise ValueError(f Map name '{map _name}' not recognized by the label encoder.”)

¥ Compute team-bosed medions
tean_a_kills = superdataset|superdataset| Team A _ID"] == team_a_Ld]["Team_g_Kills"].median(}
if pd.isnaltean_a_kills):

print(f Warning: No historical data for Team & (ID {team a id}), defaulting stats to 6.7)

tean_a_kills = &8
teanm_a_deaths = superdataset[superdataset] Team & ID°] == team_a_Ld]["Team A Deaths"].median() or &
tean_a_acs = superdataset|superdataset| Teanm _A_ID°] == team_a_ £d][~Team_s_AC5"].median() or &
team_a_hs = superdataset|superdataset] Team A4 _I0"] team_a_id]["Team_& Headshot_Percentage”].median() or &
team_a_fb = superdataset|superdataset] Team_A_ID"] tean_a_Ld]["Team_A_First_Blosds").median() or @
tean_a_assit = superdataset|superdataset] Team & ID°] == team_a_Ld]["Team_A_Assists”].median() or @

tean_b_kills = superdataset|superdataset| Team B_ID"] == tean_b_id]["Team_B_Kills"].median(}
iF pd.isna(tean_b_kills):

print(f Warning: No historical data for Team B (ID {team b id}), defaulting stats to 6.7)

tean_b_kills = 8
teanm_b_deaths = superdataset[superdataset] Team B_ID] == team_b_Id]["Team B Deaths"].median() or &
tean_b_acs = superdataset|superdataset| Team _B_ID"] == team_b_£d][~Team_B_AC5"].median() or &
tean_b_hs = superdataset|superdataset] Team B_ID"] team_b_id]["Team_B Headshot_Percentage”].median() or &
team_b_fb = superdataset[superdataset] Team B_ID"] == team_b_id]["Team_B_First_Bloods"].median() or @
tean_b_asst = superdataset|superdataset] Team B_ID"] == team_b_£d]["Tesm_B_Assists”].median() or @

# Prepare input data

input_data = {
"Map~: label_encoder. transform( [map_name])[a],
“Team A ID": team_a id;
“Team_& Kills": team a kills,
“Tean_A_Deaths™: team_a_deaths,
“Team_A ACS": team_a acs;
“Tean_A_Headshot_Percentage”: team a_hs,
“Teanm_A First Bloods": team_a_¥h,
“Tean_A_Assists™: team_a_asst,
“Tean_B_ID": team_b_id,
“Team_B_Kills": team b kills,
“Tean_B_Deaths™: team_b_deaths,
"Team_B_ACS": team b acs;
“Tean_B_Headshot_Percentage”: team b _hs,
"Teanm_B_First Bloods": team b_fh,
"Tean_B_Assists™: team b_asst

I

input_df = pd.DataFrame([Linput_data])
input_df = input_df . fillna(s)

¥ Engure feature order motches training set
input_df = input_df[features]

& Scale the input
ingut_scaled = scaler.transform{input_df)

¥ Predict probobilities
probabilities = saved xgh model. predict proba(input_scaled)

Figure 32 : Predict_match_outcome using XGB
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# Example usage:
team_a_id = 17
team_b_id = 1001
map_name = "Abyss"
bet amount = 22

try:

predict_match_outcome(team_a_id, team b _id, map_name, bet_amount)
except ValueError as e:

print("Error:", str(e))
except Exception as e:

print ("Unexpected error:", str{e))

Winning Probabilities - Team A: .59, Team B: 8.41
Realistic Odds (with margin) - Team A: 1.61, Team B: 2.34
Potential Earnings - Bet €22 on Team A: €35.32, on Team B: €51.50

Figure 33: deployment prediction

14 USER INTERFACE

o  Firstly, install streamlit for that use the command prompt and enter ‘ pip install streamlit °

version 1.40.1

e |f acheck occurs reinstall

Figure 34 shows the script for the user interface created using Streamlit.
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: Jupyter app.pyw 13 hours ago

File Edit View Language

import streamlit as st

import pandas as pd

from pymongo import MongoClient

from sklearn.preprocessing import LabelEncoder, StandardScaler
import joblib

import pickle

import io

import matplotlib.pyplot as plt

import numpy as np

# MongoDE connection
client = MongoClient("mongodb://localhost:27@17/")
db = client["main_db™]

# Load the superdataset
superdataset = pd.DataFrame(list(db["superdatasetl™].find()))
if "_id" in superdataset.columns:

superdataset = superdataset.drop(columns=["_1id"])

# Extract unigue values for dropdowns
team_ids = sorted(superdataset['Team_A_ID'].unique().tolist{))

map_names = sorted(superdataset['Map”].unique().tolist())

# Features and target column
features = [
‘Map”’,
‘Team_A_ID', ‘Team A Kills®, 'Team A Deaths', 'Team_A_ ACS',

‘Team_A_Headshot_Percentage®, 'Team A First_Bloods®, 'Team_A_Assists’,

‘Team_B_ID', 'Team B_Kills", 'Team B_Deaths', 'Team_B_ACS',

'Team_B_Headshot_Percentage', 'Team B_First Bloods"', 'Team B_Assists

1

target = ‘Winner'

# Load model, scaler, and Llabel encoder from MongoDB

model data = db["models"].find_one({"model_name": “xgboost"})
model buffer = io.BytesIO(model_data[ "model_data™])
saved_xgb_model = joblib.load{model_buffer)

label encoder = pickle.loads{model_data["label_encoder™])
scaler = pickle.loads(model_data["scaler™])

def predict_match_outcome({team_a_id, team_b_id, map_name):

Predict the winning probabilities for a Valorant match using an XGBoost model.

if team_a_id not in superdataset[’'Team_A_ID"].values:
raise ValueError(f"Team A ID {team_a_id} is not wvalid.")
if team_b_id not in superdataset[’'Team_B_ID"].values:

madca WalnaFrrandF Taam B Th Sftazm h 440 45 ant aaldd "y

Figure 34: Streamlit script for model deployment

To run the project deployment using Streamlit enter the command in the command prompt firstly open the

project directory using the “cd” command and then type the command
application. Refer to figure 35.

“streamlit run app.py” to run the

Figure 35: Command to run application using streamlit

Then select team A and team B, select map and enter the amount you want to bet and press predict. Refer to

figure 36.
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VALORANT Pre-Match Predictor

Valorant Pre-Match Betting Advisory System
(Attackers) Team A ID

2

(Defenders) Team B ID
120
Select Map Name
Abyss
Enter Bet Amount (In Euros)

25.2q

Predict

(Attackers) Team A ID

75

(Defenders) Team B ID
120

Select Map Name

Abyss

Enter Bet Amount (In Euros)

25.20
Predict

Winning Probabilities Visualization

Winning Probabilities

ot _ 65-5%

v T T T
0.0 0.2 0.4 0.6 0.8

Winning Probabilities - Team A: 66.55%, Team B: 33.45%

Realistic Odds (with margin) - Team A: 1.43, Team B: 2.85

Potential Payout - Team A: €36.07, Team B: €71.74

Figure 37: Final prediction

After pressing "Predict” the model predicts and calculates the winning probability for each team, simulates odd

with margin and shows the earnings possibilities. it also displays graphics of winning probability. Refer to
figure 37.

Provides a framework and the techniques can be applied to other popular esports games like
CSGO and League of Legends to make the system more relevant.
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