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Abstract: Multiplayer Online Battle Arena (MOBA) games, exemplified by titles such as
League of Legends and Dota 2, have attained global popularity and have been formally
recognized as an official event in the 2022 Hangzhou Asian Games, thus establishing their
significance in the esports industry. In this study, we proposed a machine learning-based
model for predicting comeback victories by leveraging the object bounty mechanism, a
critical yet underexplored aspect of previous research. By closely examining the game
environment following the activation of the bounty system, we identified pivotal variables
and constructed novel indicators that contribute to successful comebacks. Furthermore, an
individualized case analysis based on SHapley Additive exPlanations (SHAP) provides new
insights to support strategic in-game decision-making and enhance the player experience.
The experimental results demonstrate that the indicators introduced in this study, such
as the weighted team champion mastery and similarity in champion mastery among the
team’s main champions, significantly influence the likelihood of a comeback victory. By
capturing the intrinsic dynamism of MOBA games, the proposed model is expected to
improve player engagement and satisfaction.

Keywords: League of Legends; machine learning; comeback victory prediction; bounty
system; MOBA game analysis

1. Introduction
The Multiplayer Online Battle Arena (MOBA) genre originated with the custom map

“Aeon of Strife” in StarCraft and evolved through Defense of the Ancients (Dota) in Warcraft
III, which established core gameplay elements such as champion selection, leveling, and
turret destruction [1]. In Korea, the game Chaos, inspired by Dota, gained significant
popularity and paved the way for commercial successes such as League of Legends (LoL).

Today, MOBA games such as LoL, Dota 2, and Arena of Valor enjoy global acclaim,
with LoL featured as an official event in the 2022 Asian Games. A defining characteristic of
MOBA games is the excitement surrounding comeback victories, in which teams overcome
early disadvantages to secure wins, thereby delivering highly engaging gameplay.

LoL has emerged as one of the most popular esports titles, with its annual World
Championship attracting increasing viewership, as illustrated in Figure 1. Despite the
genre’s success, challenges remain in improving the player experience. Existing research
on victory prediction primarily focuses on overall outcomes, often neglecting unique
scenarios such as comeback victories. These scenarios, which are influenced by factors
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such as objective control, champion progression, and team synergy, are crucial for fostering
player immersion.
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than attempt to utilize the bounty system for a comeback. This undermines the intended 
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While the significance of comeback victories is widely recognized in MOBA games,
research on the psychological and team dynamic factors driving such scenarios remains
limited. In contrast, traditional sports such as soccer and NBA have been extensively
studied, with research indicating that psychological factors such as motivation, confidence,
and resilience play a crucial role in achieving comeback victories [2–4]. While studies on
esports have examined psychological factors and teamwork in match outcomes, they have
largely overlooked their role in comeback victories [5–9]. Research utilizing NetEase’s
MOBA game test version has employed visual analytics to examine the occurrence of
snowballing and comebacks, identifying key events and variables [10]. However, there
remains a gap in understanding how psychological factors and team dynamics influence
comeback victories in LoL and other MOBA games.

In this study, a comeback victory is defined as follows: a victory is classified as a
comeback if the team with the activated bounty system ultimately wins the match.

The bounty system in LoL is a mechanism designed to provide opportunities for
disadvantaged teams to recover. This system awards additional gold when major objectives,
such as turrets, dragons, or Baron Nashor, are secured, thereby offering the disadvantaged
team a chance to regain momentum. Although the specific criteria for activation are not
publicly disclosed, key game metrics such as gold difference, experience difference, turret
destruction, and dragon kills are known to influence the activation of the bounty system.
The bounty system provides an objective, system-defined measure of disadvantage, which
allows the study to maintain a clear research focus and enhances the reliability of the
analytical results.

In Figure 2, the horizontal axis represents the time at which the bounty system is
activated (Objective Bounty Time), while the vertical axis indicates the remaining playtime
after the activation (Playtime After Bounty). The figure reveals that the bounty system
is frequently activated within the first 15 min of the game. Additionally, many matches
conclude within 10 min after the bounty system is triggered. This pattern suggests that
players tend to give up easily when they are in a losing position. This tendency is based
on the belief that a comeback victory is unlikely. If players perceive the early game state
as irreversibly disadvantageous, they may opt for an early surrender rather than attempt
to utilize the bounty system for a comeback. This undermines the intended function of
the bounty system, which is designed to provide opportunities for disadvantaged teams
to regain momentum. As a result, players’ game time decreases, and their engagement
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diminishes. Therefore, it is necessary to enhance player interest by making comeback
victories more feasible.
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To address these challenges, this study aimed to: (1) define comeback victories, (2) ex-
plore their potential following bounty system activation, and (3) identify the key factors
contributing to successful comebacks. By developing a prediction model that captures
in-game dynamics, this study sought to mitigate the occurrence of early surrenders and
promote strategic mid-to-late game play.

2. Background
2.1. League of Legends

MOBA games are strategic team-based games where two opposing teams compete
to destroy the enemy’s main structure while defending their own. LoL is one of the most
popular MOBA games, featuring a 5v5 match structure where each player controls a unique
champion with distinct abilities. Victory is achieved by destroying the enemy Nexus located
in the opposing team’s base.

Figure 3 depicts Summoner’s Rift, the primary map in LoL. It has a symmetric design,
with each team’s Nexus positioned at the bottom-left and top-right corners. The map
consists of three main lanes (Top, Mid, and Bottom), where players engage in combat while
pushing towards the enemy base. Surrounding these lanes are jungle areas, which contain
neutral monsters such as dragons and Baron Nashor, providing strategic advantages
when secured.

Each of the three lanes typically accommodates a specific role: the Top lane usually
features durable fighters or tanks, the Mid lane is occupied by high-damage mages or
assassins, and the Bottom lane includes both an ADC (Attack Damage Carry) and a Support.
The Jungle area is patrolled by a Jungler, who assists lanes and secures neutral objectives.
Because each role demands different types of champions, players usually specialize in a
certain lane and develop mastery in champions suited for that position. Each lane is also
defended by turrets, which act as defensive structures that teams must destroy to advance
towards the enemy Nexus.

2.1.1. Game Features

To systematically analyze the factors influencing comeback victories, game features
are categorized into four key aspects: Resource, Combat, Objective, and Vision. These
categories encapsulate different dimensions of gameplay, providing a structured way to
interpret feature importance in predicting match outcomes.
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Resource

Represents gold and experience accumulation, which are crucial for champion growth
and team progression. Includes metrics such as Total Gold, Current Gold, XP, Turret,
Inhibitor, Jungle Minion, and Minion, which reflect the overall economic state of a team.

Combat

Encompasses direct engagements between champions, including kills, assists, and
champion mastery. Key variables include Champion Kill, Champion Assist, Jungle Pressure,
Damage Type Ratio, Tank Role Count, WCM CV, Similarity, WCM Mean, and CM Top10,
which indicate team fighting effectiveness.

Objective Monster

Covers major map objectives, which significantly impact a team’s advantage by pro-
viding buffs, gold, and strategic positioning. Includes features such as Baron Nashor, Rift
Herald, and dragons, which provide significant buffs and advantages. The dragon category
consists of Elder Dragon and elemental dragons, including Chemtech, Hextech, Ocean,
Infernal, Mountain, and Cloud Drake.

Vision

Represents map control and information gathering, which are essential for making
informed strategic decisions. Variables such as Ward Place, Control Ward Place, and Ward
Kill quantify how well a team controls vision across the map.

2.1.2. Match Categories

LoL games can generally be categorized into professional matches and ranked solo
queue matches, each exhibiting distinct characteristics in terms of strategy, player coordina-
tion, and objectives.

Professional matches are played by esports teams in competitive leagues and empha-
size highly coordinated playstyles, with extensive use of macro-strategies and objective
control. Players have fixed roles and rely on specialized strategies for champion selection,
counterplay, and team synergy.

In contrast, ranked solo queue matches are played by individual players who are
matched with and against others of similar skill levels. Unlike professional matches, team
coordination is less structured, placing greater emphasis on individual skill and adaptability.
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Players progress up the ranked ladder, climbing from Iron to Challenger based on personal
performance and win rates.

While professional matches focus on structured team coordination, ranked solo queue
matches tend to be more dynamic and unpredictable, as players must adapt to different
team compositions and playstyles. This distinction is critical, as this study focuses on
comeback victories in solo queue matches, analyzing how game dynamics influence the
likelihood of a comeback.

2.2. Related Works

Machine learning has been widely applied in various fields to enhance the efficiency
of data analysis and prediction. For instance, in domains such as healthcare, finance,
and sports, machine learning techniques have proven to be effective tools for solving
complex problems and supporting decision-making processes [11–17]. Moreover, recent
advancements in explainable artificial intelligence (XAI) have enabled interpretation of
model predictions, providing meaningful insights beyond simple predictions [18–20].
Building on these advancements, machine learning has also been widely adopted for game
data analysis [21,22]. Among them, research on MOBA games has continuously evolved,
focusing on optimizing player experience and game strategies. Studies in this field can be
broadly categorized into three main areas:

• Victory Prediction [23–31]: Studies in this area aim to enhance strategic planning and
team coordination during gameplay.

• Champion Recommendation [32–35]: This type of research focuses on improving the
player experience by aligning recommendations with player preferences and current
meta trends.

• Psychological Research and Player Behavior Analysis [36]: Studies in this field con-
tribute to increased immersion and long-term engagement by understanding player
motivations and behaviors.

Most studies predominantly focus on the first topic, victory prediction, and are sum-
marized in Table 1. The abbreviations for the models listed in Table 1 are provided in
Table 2. As illustrated in Table 1, victory prediction studies in MOBA games can be catego-
rized based on the type of data analyzed and the time point of the analysis. The data are
typically divided into professional match data and solo ranked match data, whereas the
timing of the analysis is classified according to the use of post-game data, pre-game data,
or specific in-game time points. According to the time points analyzed, the studies exhibit
the following characteristics:

First, studies utilizing post-game data focus on information collected after match
completion, such as the total number of champion kills, gold differences, and objective
captures. These studies aim to analyze match outcomes based on comprehensive data and
quantitatively evaluate the effects of specific variables on the outcome of the match.

Second, studies employing pre-game data utilize the information available before a
match begins, including team composition, player champion mastery, and records of picks
and bans during the draft phase. These approaches explore the potential of predicting
match outcomes based on pre-match information, with a particular emphasis on supporting
strategic decision-making in high-level competitions such as professional leagues.

Third, studies that predict outcomes based on in-game data at specific time points
examine key variables collected during different stages of a match, such as the early, mid,
and late game. These studies contribute to improving strategic adaptation and enhancing
our understanding of match dynamics.
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Table 1. Victory prediction studies in MOBA games.

Research Type Data Scope Main Focus Model Game Title

Professional
Match Analysis

Pre-game

Player–champion combinations
and team synergy

LR, SVM, NB,
KNN, XGBoost,
MLP, Stacking

LoL [23]

Player–champion statistics LR, SVM, NB,
KNN, DT, RF LoL [24]

Past champion statistics and
champion bans/picks LR, SVM, RF Dota 2 [25]

Entire game
(5 min intervals)

Real-time prediction based on
in-game indicators

LR, RF, LGBM,
CfsSubsetEval Dota 2 [26]

Combination of
pre-game and
in-game data

Champion bans/picks and
in-game indicators RF, GBoost, XGBoost LoL [27]

Solo Ranked
Match Analysis

Pre-game
(Iron through

Diamond tiers)
Player–champion mastery SVM, KNN, RF

GBOOST, MLP LoL [28]

Early game
(Diamond tier)

In-game indicators

LR, SVM, NB,
KNN, RF LoL [29]

LR, SVM, LB, KNN,
DT, ET, RF, GBoost,
Adaboost, Voting

LoL [30]

Post-game
(Top tier) RF LoL [31]

Table 2. Model Abbreviations.

Abbreviation Meaning

LR Logistic Regression
SVM Support Vector Machine
NB Naive Bayes

KNN K-Nearest Neighbors
DT Decision Tree
ET Extra Trees
RF Random Forest

GBoost Gradient Boosting
Adaboost Adaptive Boosting
XGBoost Extreme Gradient Boosting
LGBM Light Gradient Boosting Machine
MLP Multi-Layer Perceptron

CfsSubsetEval Correlation-based Feature Subset Evaluation

While previous studies have mainly focused on overall match outcomes, comeback
scenarios remain underexplored. This study addressed that gap by analyzing post-bounty
activation data to identify key factors influencing comeback victories.

3. Methodology
3.1. Data Collection

This study utilized the data collection framework outlined in Figure 4. Data were
collected using the Riot Games API [37], which includes the Champion Mastery API, Match
Detail API, and Timeline API, through Python (version 3.9) scripts. The collected data were
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stored in JSON format on a local PC. Key variables were then extracted and organized
into a DataFrame, which was subsequently stored in a MySQL (version 8.0) database for
efficient querying and analysis.
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A Crontab-based system was implemented to automate data collection. This system
was designed to be executed periodically to ensure that the dataset was continuously
updated. After the data were stored in the MySQL database, DBeaver (version 24.0.3) was
used to query and join the Match ID, Champion Mastery, Timeline, and Details tables,
resulting in an integrated dataset necessary for comprehensive analysis.

Data were collected from the Korean server over a two-week period, from 11 Septem-
ber to 24 September 2024. Initially, 855,858 Match IDs were obtained. A tier-based sampling
strategy was implemented to ensure the validity and representativeness of the study. For
the Challenger and Grandmaster tiers, data from the 10 most recent matches of each player
were collected. For tiers ranging from Iron to Master, 12,000 players per tier were randomly
sampled, and one match per player was collected. This approach ensured balanced data
representation across tiers, which is critical for a robust analysis.

Following the initial data collection, additional preprocessing was performed. In
instances where the same Match ID appeared in multiple tiers, data from higher tiers, such
as Challenger or Grandmaster, were prioritized, while duplicates from lower tiers were
removed. To maintain consistency in the analysis, only solo-ranked matches were included.
After these preprocessing steps, the final dataset comprised 24,985 Match IDs.

The dataset was collected using Patch 14.18, the official patch version for the 2024
League of Legends World Championship, which garnered significant attention. Consider-
ing the frequent meta changes and short patch cycles in LoL, maintaining a consistent patch
environment is critical for reliable data analysis. Therefore, the dataset was aligned with
the official patch version to ensure consistency and enhance the credibility of the results.

3.2. Data Preprocessing

In this study, we constructed a dataset that reflected the relative differences between
teams from the activation of the bounty system until the end of the game. Of the 24,985 col-
lected data points, only 20,686 instances in which the objective bounty system was acti-
vated were included in the analysis. This selection was designed in alignment with the
study’s focus on analyzing comeback victories, excluding data that were irrelevant to the
research objectives.

To address class imbalance, the dataset was divided into training and test sets using
stratified sampling at an 8:2 ratio. This approach ensured that the proportion of comeback
victories remained consistent across both datasets, thereby ensuring the robustness of the
model evaluation. Additionally, the training data were further split using 3-fold cross-
validation for hyperparameter optimization, allowing for a more reliable assessment of the
model’s performance.
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During the preprocessing stage, min–max scaling was applied to normalize variables
within a range of 0 to 1 for all models, except for tree-based models, which do not require
normalization. The key details of the dataset are presented in Table 3.

Table 3. Experimental data.

Dataset Total No Comeback Comeback Victory

# Train 16,548 15,491 1057

# Test 4138 3874 264

Task Binary Classification

Evaluation Accuracy, Precision, Recall, F1 Score

3.3. Proposed Indicators and Definitions

To further investigate comeback victories, we developed a prediction model for MOBA
games by leveraging various metrics that reflect resource management and team dynam-
ics. The dataset was constructed based on cumulative metrics from the activation of the
bounty system to the end of the game, focusing on the relative differences between the
two teams. This approach quantified key metrics such as differences in champion kills, min-
ion counts, and inhibitor destructions, enabling an analysis of how these metrics influence
the likelihood of a comeback victory.

The relative changes in these metrics during the bounty system period are crucial for
understanding the flow of the game, as the bounty system provides an objective criterion for
assessing disadvantages. Furthermore, this study proposed the following novel indicators
to explore the potential for comeback victories in MOBA games, extending beyond the
variables commonly used in previous research [28,32].

3.3.1. Weighted Champion Mastery (WCM)

The Weighted Champion Mastery (WCM) metric was designed to assess the overall
mastery level of a team and the consistency of mastery among its members by utilizing
individual champion mastery data. This metric incorporates time decay and grade weights
to calculate team-level averages and the coefficient of variation.

To calculate the WCM, the individual mastery score of each team member is first
determined. Subsequently, log transformation and min–max normalization are applied
to mitigate the impact of outliers and adjust the data scale, ensuring that the scores are
comparable across different champions and players. The final WCM metric represents
the aggregated team mastery level, reflecting both the average proficiency of the team’s
members with their champions and the consistency of mastery among its members.

Calculation of Weighted Champion Mastery

WCMi = CPi · TWi · GWi

CPi: Champion Mastery of player i for the given champion
TWi: Time decay weight of player i for the given champion
GWi: Grade weight of player i for the given champion

TW =



1.0, Elapsed time ≤ 7 days
0.8, 7 days < Elapsed time ≤ 14 days
0.6, 14 days < Elapsed time ≤ 30 days
0.5, 30 days < Elapsed time ≤ 90 days
0.4, 90 days > Elapsed time
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Time decay is defined based on the time elapsed between the last game played with a
specific champion and the current match.

GW =



0.95, S+

0.92, S
0.90, S−

0.85, A+

...
...

0.50, D−

0.70, otherwise

Grade weight is determined by the performance grade recently achieved by the player
for a specific champion. If multiple grades are available, the weights are averaged to
calculate the final grade weight.

Team-Level Relative Differences

Team Average Mastery: Although the bounty-activated team is currently at a dis-
advantage, a higher average champion mastery compared to the opposing team may
reflect greater player experience or competence. This suggests that champion mastery can
positively influence the likelihood of a comeback, even if the team is temporarily behind.

WCM Mean =
WCMi

N
, N : Number of team members

∆WCM Mean = WCM MeanBounty Active − WCMMeanBounty Inactive

Team Mastery Coefficient of Variation (CV): A lower coefficient of variation in mastery
scores within the bounty-activated team, relative to the opposing team, suggests more
consistent experience levels across players. This stability in team composition may enhance
coordination and strategic execution, thereby increasing the potential for overcoming a
disadvantageous situation.

WCM CV =
σ(WCMi)

µ(WCMi)
,

σ: standard deviation, µ: mean

∆WCM CV = WCMCVBounty Active − WCMCVBounty Inactive

3.3.2. Similarity Based on Key Champion Mastery

The similarity metric based on key champion mastery assesses the similarity among
the top 10 champion mastery vectors of team members. This metric was designed to
evaluate potential disadvantages arising from team composition and matching quality. In
LoL, each role (e.g., top, jungle, mid, ADC, support) typically requires different types of
champions. Therefore, if multiple players have high mastery of similar champion types, it
may indicate role overlap and suboptimal team matching.

A higher similarity within a team, indicated by an increased cosine similarity score,
suggests that the champion mastery levels of the team members are more similar. This lack
of diversity in champion mastery may limit the team’s strategic options and adaptability,
especially if players are assigned to roles that do not align well with their top champi-
ons. Such scenarios can hinder overall team performance and increase the likelihood of
early disadvantages.
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Calculation of Team Member Similarity

Team Similarity =
∑N−1

i=1 ∑N
j=i+1 cos

(
vI , vj

)
(n

2)

cos
(
vi, vj

)
=

vi · vj∣∣∣∣vi
∣∣∣∣ ∣∣∣∣vj

∣∣∣∣
vi, vj : Top 10 champion mastery vectors of two players on the same team
N: Number of team members
(N

2 ) Number of all player combinations in the team

cos
(
vi, vj

)
: Cosine similarity between two vectors

Team-Level Relative Differences

∆Similarity = Team SimilarityBounty Active − Team SimilarityBounty Inactive

Specifically, if the bounty-activated team exhibits lower similarity in champion mastery
than the opposing team, this may suggest that a more diverse team composition contributes
to a greater ability to recover from disadvantageous situations.

3.3.3. Top Mastery Selection Rate (CM Top10)

The Top Mastery Selection Rate quantifies the contribution of skilled players within a
team by measuring the frequency with which team members select champions from their
top 10 most mastered champions. This metric indicates how often team members choose
their most practiced champions in a specific match, thus providing valuable insights into
the team’s reliance on individual expertise.

Calculation of Top Mastery Selection Rate

CM Top10 =
X
N

N: Number of team members
X: Number of players who selected a mastered champion on the team

Team-Level Relative Differences

∆CM Top10 = CM Top10Bounty Active − CM Top10Bounty Inactive

A higher Top Mastery Selection Rate in the bounty-activated team, despite their current
disadvantage, may indicate that selecting highly mastered champions contributes to the
team’s potential to recover and achieve a comeback.

3.3.4. Jungle Pressure

Jungle Pressure quantifies the level of pressure exerted by a jungle player on the
opposing team by measuring the frequency of incursions into the enemy jungle. This
metric is calculated by aggregating the number of times the jungle player is located in the
enemy jungle, using position data recorded at one-minute intervals from the game logs.

A higher Jungle Pressure index for the jungle player from the bounty-activated team
indicates increased activity in the enemy jungle, reflecting a greater degree of pressure
applied to the opposing team. This heightened presence can disrupt the enemy’s farming,
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limit their strategic options, and create opportunities for the bounty-activated team to
secure objectives, thereby influencing the overall dynamics of the match.

3.4. Feature Selection

To visually assess the relationships between the variables in the dataset, we designed a
correlation heatmap, as illustrated in Figure 5. Simultaneously, a variable selection process
utilizing the Variance Inflation Factor (VIF) was conducted to ensure data reliability and
mitigate multicollinearity. This selection process was based on both statistical evidence and
domain knowledge, following the steps outlined below.

Electronics 2025, 14, x FOR PEER REVIEW 11 of 25 
 

 

process utilizing the Variance Inflation Factor (VIF) was conducted to ensure data relia-
bility and mitigate multicollinearity. This selection process was based on both statistical 
evidence and domain knowledge, following the steps outlined below. 

 

Figure 5. Heatmap of game feature correlations. 

First, VIF analysis was performed to identify multicollinearity among the variables. 
A VIF value exceeding 10 is generally considered to indicate severe multicollinearity [38]. 
In this study, variables with high VIF values were identified, and their relationships were 
visually evaluated using the correlation heatmap shown in Figure 5. This assessment al-
lowed for a better understanding of how multicollinearity among variables affected model 
stability and interpretability, thereby aiding in decisions regarding variable removal. Ta-
ble 4 presents the top 10 variables ranked by VIF. 

Table 4. Multicollinearity analysis results (Top 10 VIF values). 

Variable VIF 
Total Gold 15.9175 

XP 13.6273 
Champion Kill 7.0370 

Turret 6.1828 
Champion Assist 4.2609 

Inhibitor 3.2327 
Minion 2.6836 

Baron Nashor 2.6138 
Jungle Pressure 2.1851 
Jungle Minion 2.0661 

Previous studies, such as [29,30], identified champion experience (XP), turret destruc-
tion, and gold as critical factors for predicting victory, leveraging their strong correlations 
to enhance model predictions. However, in this study, VIF analysis, excluding the re-
sponse variable, revealed significant multicollinearity issues: gold (15.9175), XP (13.6273), 
and turret destruction (6.1828). 

Figure 5. Heatmap of game feature correlations.

First, VIF analysis was performed to identify multicollinearity among the variables.
A VIF value exceeding 10 is generally considered to indicate severe multicollinearity [38].
In this study, variables with high VIF values were identified, and their relationships were
visually evaluated using the correlation heatmap shown in Figure 5. This assessment
allowed for a better understanding of how multicollinearity among variables affected
model stability and interpretability, thereby aiding in decisions regarding variable removal.
Table 4 presents the top 10 variables ranked by VIF.

Previous studies, such as [29,30], identified champion experience (XP), turret destruc-
tion, and gold as critical factors for predicting victory, leveraging their strong correlations
to enhance model predictions. However, in this study, VIF analysis, excluding the response
variable, revealed significant multicollinearity issues: gold (15.9175), XP (13.6273), and
turret destruction (6.1828).

The primary objective of this study is to address the question “What causes a comeback
victory?” Upon evaluation, the XP, turret destruction, and gold variables were determined
to reflect cumulative game outcomes rather than specific team behaviors or strategies,
rendering them less relevant to the study’s objective. Consequently, these variables were
excluded from the dataset to focus on the core causes of comeback victories, ensure model
stability, and create a dataset more aligned with the research goals.
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Table 4. Multicollinearity analysis results (Top 10 VIF values).

Variable VIF

Total Gold 15.9175

XP 13.6273

Champion Kill 7.0370

Turret 6.1828

Champion Assist 4.2609

Inhibitor 3.2327

Minion 2.6836

Baron Nashor 2.6138

Jungle Pressure 2.1851

Jungle Minion 2.0661

Table 5 displays the top 10 variables ranked by VIF after the variable selection process.
Following the removal of XP, turret destruction, and gold, the VIF value for champion
kills decreased from 7.0370 to 5.2940, alleviating concerns regarding multicollinearity. As
a result, champion kills were retained as a variable in the analysis. The final dataset
comprised 25 variables, with champion kills identified as a key variable that is directly
related to comeback victories and critical for explaining their underlying causes. This
variable selection process significantly enhanced the reliability of the analysis and improved
model interpretability.

Table 5. Multicollinearity analysis results after variable selection (Top 10 VIF values).

Variable VIF

Champion Kill 5.2940

Champion Assist 3.9325

Jungle Pressure 2.0319

Inhibitor 1.8965

Jungle Minion 1.8272

CM Top10 1.7576

WCM Mean 1.7567

Baron Nashor 1.4128

Minion 1.3323

Ward Kill 1.2353

By removing variables with high multicollinearity, model stability was ensured, and
irrelevant outcome indicators were excluded based on domain knowledge, further strength-
ening the validity of the study. Table 6 outlines the final selection of one response variable
and 24 explanatory variables. Each variable represents metrics calculated for each team
based on the differences between teams with and without activated bounties. This config-
uration, which uses the differences between opposing teams’ features, was designed to
align with the research objective of identifying the primary causes of comeback victories,
while also following precedents in prior studies to reduce model complexity and improve
analytical clarity [30].
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Table 6. Variables derived from differences between objective bounty and non-bounty teams.

Variable Description

Comeback Victory Whether a comeback victory occurred (1, 0)

Inhibitor Number of inhibitors destroyed

Jungle Minion Number of jungle monsters killed

Minion Number of minions killed

Mountain Drake Number of Mountain Drakes killed

Chemtech Drake Number of Chemtech Drakes killed

Cloud Drake Number of Cloud Drakes killed

Infernal Drake Number of Infernal Drakes killed

Ocean Drake Number of Ocean Drakes killed

Hextech Drake Number of Hextech Drakes killed

Elder Dragon Number of Elder Dragons killed

Rift Herald Number of Rift Heralds killed

Baron Nashor Number of Baron Nashors killed

Champion Kill Number of champion kills

Champion Assist Number of champion assists

Ward Place Number of wards placed

Control Ward Place Number of control wards placed

Ward Kill Number of wards killed

Damage Type Ratio Ratio of physical damage (AD) to magic damage (AP) within the team

Tank Role Count Number of tanks within the team

Jungle Pressure Frequency of jungle invades by the jungle player (per minute)

WCM Mean Weighted average champion mastery of the team’s five players, based on recent match records
and performance

WCM CV Weighted coefficient of variation of champion mastery for the team’s five players, based on
recent match records and performance

CM Top10 A rate quantifying the contribution of skilled players within the team, calculated based on the
frequency of selecting the top 10 highest-mastery champions played by team members

Similarity A metric representing the similarity among team members based on the top 10
highest-mastery champions for each player

3.5. Prediction Model

To construct our prediction model, we selected seven machine learning algorithms
commonly used in prior research on victory prediction [23–31]. Given the complexity and
nonlinear nature of factors involved in comeback victories in MOBA games, this diverse
set of models was chosen to effectively capture such relationships. These models also serve
as base learners for potential ensemble modeling in subsequent analysis. The following
sub-sections describe each algorithm and its mathematical formulation.

3.5.1. Logistic Regression

Logistic regression is a supervised learning model designed to solve binary classifica-
tion problems by applying a sigmoid activation function to a linear regression model [39].
It assumes a linear relationship between the input and output data, which enhances in-
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terpretability. Additionally, it employs a loss function with L2 regularization to mitigate
overfitting. The predicted probability p is given by the following:

p(y = 1|x) = 1
1 + e−(wT x+b)

x : feature vector
w: weight vector
b: bias term

3.5.2. Support Vector Machine (SVM)

SVM is a supervised learning model that classifies data by identifying a hyperplane
that maximizes the margin between classes [40]. The decision function is:

f (x) = wTx + b

x: feature vector
w: weight vector
b: bias term
To handle nonlinear relationships, the radial basis function (RBF) kernel is applied,

enabling the model to map data into a higher-dimensional space using the kernel trick. The
RBF kernel function is defined as:

K
(
xi, xj

)
= exp

(
−γ

∣∣∣∣xi − xj
∣∣∣∣2)

γ: hyperparameter that controls the influence of training examples

3.5.3. Tree-Based Models

Tree-based models are a type of ensemble learning algorithm that enhance predictive
performance by combining multiple decision trees. Each model has distinct characteris-
tics in terms of training strategy, data handling, and regularization, which are outlined
below. While some models are presented with mathematical formulations to clarify key
mechanisms, others are described through their algorithmic strategies.

Random Forest utilizes the bagging method, where multiple decision trees are trained
on different bootstrap samples and combined through majority voting (i.e., hard voting). By
introducing random feature selection, it enhances model diversity and reduces overfitting,
making it robust and easy to interpret [41]. The final predicted class ŷ is determined by
hard voting across all trees:

ŷ = mode(h1(x), h2(x), . . . , hT(x))

ht(x): prediction of the t-th decision tree
T: total number of trees in the ensemble
XGBoost (Extreme Gradient Boosting) is a boosting model that sequentially improves

performance by correcting errors from previous models. It incorporates regularization
and supports parallel processing, which contributes to both accuracy and computational
efficiency [42]. The predicted value ŷi for an input xi is calculated as the sum of the outputs
from all K trees:

ŷi =
K

∑
k=1

fk(xi), fk ∈ F

F : space of decision trees
fk: function learned at the k-th boosting iteration
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The objective function minimized during training is defined as:

L =
n

∑
i=1

l(yi, ŷi) +
K

∑
k=1

Ω( fk), Ω( f ) = γT +
1
2

λ|w|2

l(yi, ŷi): differentiable loss function
Ω( fk): regularization term
T: number of leaves in a tree
w: vector of leaf weights
γ: penalty for adding a leaf node
λ: controls the L2 regularization strength
CatBoost (Categorical Boosting) is optimized for categorical variables through

permutation-based transformations, reducing overfitting while maintaining fast train-
ing times [43]. For a given categorical feature, x, the target statistic for the i-th sample is
computed as:

TSi =
∑j<i 1xj=xi · yj + a · p

∑j<i 1xj=xi + a

1xj=xi : indicator function that returns 1 if xj = xi

yj: target value of the j-th sample
a: regularization parameter controlling the strength of the prior
p: prior (e.g., global mean of the target variable)
LightGBM (Light Gradient Boosting Machine) adopts a leaf-wise tree growth strat-

egy, offering superior training speed and memory efficiency, particularly well-suited for
handling large-scale datasets [44].

3.5.4. Multi-Layer Perceptron (MLP)

MLP is a neural network model capable of learning nonlinear relationships between
input and output data based on their hierarchical structure [45]. In this study, three baseline
MLP models were designed, featuring one, two, and three hidden layers. Each hidden
layer employed the rectified linear unit (ReLU) activation function, whereas the output
layer utilized the sigmoid activation function to solve the binary classification problem.
Forward propagation is:

a(l+1) = f
(

W(l)a(l) + b(l)
)

, f (x) = max(0, x)

W(l): weight matrix
b(l): bias vector
f : ReLU activation function
To enhance training stability, He initialization, which is compatible with the ReLU ac-

tivation function, was used for weight initialization [46]. Additionally, the Adam optimizer,
which is known for its computational efficiency and adaptive learning rate adjustments,
was adopted for optimization [47].

3.6. Evaluation Metrics

The dataset used in this study presents a class imbalance issue, as comeback victories
are relatively rare. To address this challenge, we selected precision, recall, and F1 score
as the primary evaluation metrics, rather than relying solely on accuracy, which may
overestimate the performance in imbalanced datasets.
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Accuracy measures the proportion of correct predictions across the entire dataset;
however, it may not accurately reflect model performance when class imbalance exists.

Accuracy =
TP + TN

TP + TN + FP + FN

Precision evaluates the reliability of positive predictions by focusing on minimizing the
number of false positives. This metric is crucial for ensuring that strategic recommendations
in gameplay do not lead to misleading outcomes.

Precision =
TP

TP + FP

Recall assesses the proportion of true positives that are correctly identified, thereby
minimizing the number of false negatives. This metric is vital for effectively detecting
comeback scenarios, which is a key focus of this study.

Recall =
TP

TP + FN

The F1 score provides a balanced evaluation by using the harmonic mean of precision
and recall. This makes it particularly suitable for assessing overall model performance in
this research.

F1 score = 2 × Precision × Recall
Precision + Recall

These metrics were deliberately chosen to ensure a comprehensive evaluation of the
model’s ability to accurately identify and interpret comeback scenarios in MOBA games,
thereby enhancing the relevance and applicability of the findings.

4. Results
4.1. Model Performance Evaluation

The results of the model comparison conducted in this study are presented in Table 7.
Various machine learning algorithms were applied to develop models for predicting come-
back victories, with the F1 score designated as the primary performance metric and recall
designated as a secondary metric. This dual focus ensures effective identification of come-
back scenarios while balancing precision and recall. To ensure reproducibility, each model
experiment was repeated 30 times, and the average performance was measured. Based on
the performance metrics shown in Table 7, three models—SVM, XGBoost, and MLP—were
selected for further analysis. These models exhibited strong recall and F1 score values,
aligning well with the study’s objective of accurately identifying comeback victories.

The SVM model achieved the highest recall of 0.9621, indicating that it effectively
minimized false negatives (FNs) in comeback prediction scenarios. By leveraging the
RBF kernel, the model could effectively learn nonlinear decision boundaries and capture
complex patterns in the data. This capability makes the SVM a suitable choice for problems
requiring high sensitivity, aligning well with the primary objective of this study.

The XGBoost model demonstrated balanced performance, achieving a recall of 0.9394
and an F1 score of 0.9254. As a tree-based ensemble model using the Gradient Boosting al-
gorithm, XGBoost effectively captured complex nonlinear relationships in the data. Further
performance improvements can be achieved through hyperparameter tuning, making it
useful for identifying critical patterns in comeback prediction.

The MLP model with architectures of (64, 32) achieved the highest F1 score of 0.9367, re-
flecting well-balanced performance between recall and precision. The MLP is optimized for
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learning intricate data patterns, and its performance can be further enhanced by exploring
various architectures and hyperparameter tuning.

Table 7. Performance evaluation of baseline models.

Model Accuracy Precision Recall F1 Score

LR 0.9843 0.8284 0.9508 0.8854

SVM 0.9872 0.8552 0.9621 0.9055

Random Forest 0.9899 0.9563 0.8813 0.9173

XGBoost 0.9903 0.9118 0.9394 0.9254

CatBoost 0.9884 0.8740 0.9567 0.9134

LightGBM 0.9891 0.8897 0.9470 0.9174

MLP (32) 0.9917 0.9663 0.9008 0.9323

MLP (64, 32) 0.9921 0.9578 0.9173 0.9367

MLP (128, 64, 32) 0.9911 0.9399 0.9218 0.9300

The results of the hyperparameter optimization for each model, along with the ensem-
ble model performance, are summarized in Table 8. In addition to evaluating individual
models, an ensemble approach was employed to further improve predictive performance.
The details of the optimization process, including search strategies and selected hyperpa-
rameters, can be found in Appendix B (Tables A2–A4).

Table 8. Performance evaluation of optimized models and ensemble models.

Model Accuracy Precision Recall F1 Score

SVM 0.9884 0.8885 0.9356 0.9114

XGBoost 0.9915 0.9225 0.9470 0.9346

MLP (128, 64) 0.9937 0.9612 0.9394 0.9502

Soft Voting 0.9928 0.9466 0.9394 0.9430

Hard Voting 0.9932 0.9470 0.9470 0.9470

An ensemble model combining the optimized SVM, XGBoost, and MLP (128, 64)
models was constructed to enhance overall performance. This ensemble utilized both soft
and hard voting methods to aggregate predictions [48], resulting in more stable and robust
performance across metrics.

The ROC curves of individual models and the soft voting ensemble are illustrated in
Figure 6, where XGBoost, MLP, and soft voting exhibited similarly high AUC values (above
0.996), while SVM showed slightly lower performance. These results visually confirm the
superior discrimination ability of the proposed models. Note that the hard voting ensemble
was excluded from the ROC analysis as it does not generate probability estimates required
for curve construction.

These results highlight that the proposed models offer greater performance consistency
and better generalization, particularly in handling diverse gameplay dynamics.

4.2. Feature Importance Analysis

Figure 7 illustrates the results of the feature importance analysis conducted using the
XGBoost model. Feature importance was measured based on two metrics: Information
Gain and Weight. Information Gain measures the contribution of each feature to model
performance when used as a split criterion, whereas Weight reflects the frequency of
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feature utilization. The importance values were normalized to enable an appropriate
comparison. By considering both metrics, this analysis comprehensively evaluated the
relative importance and roles of the individual features.
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Among the features analyzed, Champion Kill recorded the highest importance based
on Information Gain, indicating that this feature significantly enhanced the model’s ability
to predict comeback victories. However, its relatively low Weight suggests that Champion
Kill is highly informative even when it is selected in a limited number of situations.

Inhibitor destruction ranked second in terms of Information Gain, reflecting its critical
role in late-game strategies and its strong influence on victory probabilities. Despite its
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high Information Gain, this feature exhibited a low Weight, implying that only a few splits
using this variable can deliver substantial information to the model.

Champion Assist ranked highly in terms of both Information Gain and Weight,
highlighting the model’s consistent reliance on teamwork-related variables. This find-
ing underscores the importance of team collaboration as a key factor for predicting
comeback victories.

WCM and similarity based on Key Champion Mastery recorded lower Information
Gain but high Weight, indicating that these features were frequently utilized across var-
ious splits. This suggests that team-level champion mastery and similarity consistently
contribute to predicting comeback victories.

Among the dragon-related features, Cloud Drake exhibited the highest Information
Gain, reflecting its strategic value in providing movement speed benefits to teams in
specific scenarios. Similarly, Hextech Drake and Chemtech Drake yielded notable results,
suggesting that the impact of dragons varies depending on the game context. Conversely,
other dragon features exhibited relatively low importance.

Minion-related features, such as Jungle Minion and Minion, recorded high Weight
values but relatively low Information Gain. This suggests that although these features are
frequently used, their contribution to Information Gain is limited. In contrast, vision-related
features, such as Ward Place and Ward Kill, showed below-average values for both metrics.
This indicates that although vision is critical in gameplay, it is not a decisive factor for
predicting comeback victories in this study.

Overall, the analysis of feature importance underscores the nuanced contributions
of different game variables. By leveraging both Information Gain and Weight, the XG-
Boost model effectively captures the multidimensional nature of comeback victories in
MOBA games.

4.3. Individual Case Analysis

After creating the prediction model, individual cases were analyzed using SHAP
analysis. SHAP is fundamentally based on Shapley values from cooperative game theory.
It provides a mathematically consistent approach to attributing contributions of individual
features [49]. Unlike alternative techniques such as LIME or Surrogate models, SHAP
maintains theoretical consistency and effectively captures feature interactions, making it
well-suited for analyzing complex MOBA game data.

A SHAP force plot is a visual explanation method that illustrates how each feature
contributes to increasing or decreasing the model’s prediction from the base value. Features
pushing the prediction higher are shown in red, while those lowering the prediction are
shown in blue.

Figure 8 illustrates an example of a correctly classified comeback victory, showcasing
the contribution of the individual variables to the model’s prediction. In this case, the
model assigned a prediction probability of approximately 0.81, indicating a high likelihood
of a comeback victory.
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in lane management and resource allocation during the mid-to-late stages of the game.
Specifically, the Weighted Champion Mastery Coefficient of Variation (WCM CV) supported
this observation, with its negative value indicating lower variability in champion mastery
compared to that of the opposing team. This implies greater stability in champion mastery
within the team, which positively contributed to the prediction.

Conversely, Inhibitor Destruction and Baron Nashor were key variables that negatively
influenced the prediction. These results indicate that the team with the activated bounty
system had lost control of both the inhibitors and Baron Nashor, placing them in a highly
disadvantaged position. Additionally, the positive value of the Similarity variable indicated
higher similarity in champion mastery among team members compared to the that of the
opposing team. Despite this lack of diversity, the team overcame the disadvantage and
achieved a comeback victory.

This case demonstrates that strategic superiority in lane management and resource
utilization during the mid-to-late stages, coupled with stable champion mastery within
the team, facilitates a comeback victory. Moreover, the team’s ability to recover from the
loss of key objectives, such as inhibitors and Baron Nashor, highlights their effectiveness
in strategic responses, even in unfavorable situations. These findings underline the multi-
faceted nature of comeback victories and the critical roles of both team coordination and
resource management.

In contrast, Figure 9 illustrates a case in which the comeback prediction model iden-
tified a high probability of a comeback victory, but the actual match result did not align
with this prediction. The model assigned a prediction probability of approximately 0.67,
indicating a relatively high likelihood of a comeback victory. However, the match ultimately
resulted in a loss.
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The key features that influenced the model’s positive prediction included Inhibitor
Destruction and the Elder Dragon. Specifically, securing the Elder Dragon twice and
destroying an inhibitor reflected the team’s ability to dominate critical objectives later in
the game, applying significant pressure on the opposing team.

Conversely, Minion Kill and Champion Assist negatively impacted the model’s pre-
diction. The negative value associated with Minion Kill highlights insufficient lane man-
agement capabilities. Similarly, the lower Champion Assist value compared to that of the
opposing team indicates weaker team fight coordination.

In summary, this case illustrates that, despite controlling major objectives, weaknesses
in game management and team fight execution contributed to the lack of a comeback. The
lack of effective resource management in the mid-to-late game prevented the team from
sustaining control over the flow of the match. These findings emphasize that securing
powerful objectives, such as the Elder Dragon, does not guarantee victory. Instead, detailed
aspects of gameplay, such as effective lane management and resource allocation, play
critical roles in achieving comeback victories.

5. Conclusions
This study proposed a novel approach to analyzing and predicting comeback victories

in MOBA games, with a particular focus on LoL, by leveraging the bounty mechanism. By
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identifying key variables contributing to comeback victories and applying SHAP-based
case analyses, the study offers actionable insights for both game design and post-match
analysis. These findings can support individualized feedback on gameplay patterns and
inform the development of coaching tools and training support systems. From a long-
term perspective, our findings have significant implications for reducing player churn and
strengthening the community and ecosystem of MOBA games.

Although this study provides meaningful contributions, it also highlights areas for
further research. The analysis primarily focused on data from the Korean server; therefore,
future studies should include global servers to enhance the generalizability of the find-
ings. Such expansions could reflect regional and server-specific player behavior patterns,
enabling the development of more comprehensive prediction models.

Additionally, this study was based on data collected from a specific patch version
(14.18). Given the significant impact of patch updates on the meta and gameplay envi-
ronment in MOBA games, future research should address generalizability across multiple
patch versions. Incorporating machine learning operations (MLOps) methodologies could
facilitate continuous model retraining and improvement, allowing for adaptive learning
and maintaining performance in dynamic gaming environments.

Finally, future studies should consider integrating new variables, such as player
psychological factors (e.g., motivation, confidence) and behavioral patterns (e.g., risk-
taking tendencies or decision-making styles), to further enhance prediction performance.
Additionally, incorporating the outcomes of sequential games could help capture the
momentum effect, where the result of a previous match influences player behavior in the
following game. Future research could also explore time-specific effects by segmenting
matches into early, mid, and late game phases to investigate how the timing of bounty
activation relates to comeback probability. Such analyses may reveal critical windows
where teams are most likely to recover or lose control.

These enhancements could deepen the understanding of player behavior and moti-
vation, improve model accuracy, and increase applicability in real-world gaming environ-
ments. By addressing these areas, future research can build on this study’s foundation,
advancing the field of esports analytics and contributing to the development of more
engaging and balanced MOBA games.
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Appendix A. Experimental Environment
The experimental environment utilized Ubuntu Server 20.04.6 LTS as the operating

system. The hardware configuration included an Intel i9-13900K CPU (Intel Corporation,

https://www.kaggle.com/datasets/dlwnsgur0708/league-of-legends-comeback-dataset
https://www.kaggle.com/datasets/dlwnsgur0708/league-of-legends-comeback-dataset
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Santa Clara, CA, USA), an NVIDIA GeForce RTX 4090 GPU (NVIDIA Corporation, Santa
Clara, CA, USA), and 128 GB of RAM (Samsung Electronics Co., Ltd., Suwon-si, Republic of
Korea). The experiments were conducted in a Docker container-based environment using
Docker version 24.0.5. Key packages and experimental configurations were encapsulated
in a Docker image, which was stored on Docker Hub to enable reproducibility and sharing
of the experimental setup.

Table A1. Experimental environment and computing resources.

Component Details

OS Ubuntu Server 20.04.6 LTS

CPU Intel i9-13900K

GPU NVIDIA GeForce RTX 4090

RAM 128 GB (32 GB × 4)

Docker Image Docker Hub: 3won/comeback-prediction:1.1

Programming Language Python 3.9

Package

scikit-learn 1.5.1
XGBoost 2.1.1
CatBoost 1.2.5

LightGBM 4.5.0
optuna 3.6.1
shap 0.46.0

Appendix B. Hyperparameter Optimization
Hyperparameter optimization is a crucial step in maximizing the performance of

machine learning models. The efficient identification of optimal hyperparameters in a
large search space significantly affects the predictive accuracy and generalization capa-
bility of the models. In this study, the Optuna optimization library was employed, inte-
grating the Tree-structured Parzen Estimator (TPE) sampler with the Median Pruner for
effective optimization.

TPE is a Bayesian optimization-based algorithm that models the distribution of high-
performing hyperparameter combinations, thereby enhancing search efficiency. Unlike
random sampling methods, TPE focuses on exploring regions of the search space where
promising hyperparameter configurations are more likely to exist, thus offering improved
efficiency in large search spaces [50]. In this study, the TPE sampler was utilized to effec-
tively reflect the correlations between hyperparameters and optimize the selection process.

The Median Pruner plays a crucial role in optimizing computational resources by ter-
minating trials early if their intermediate performance falls below the median performance
of previous trials. By halting underperforming trials, this technique reduces unnecessary
computational overhead and enables the allocation of resources to more promising con-
figurations. This approach ensures the efficient use of time and computational resources
during the optimization process.

The hyperparameter optimization process was conducted in two stages. In the initial
exploration stage, the TPE sampler was used to identify optimal candidates across a
broad search space. Subsequently, based on the identified candidates, the search space
was narrowed and the TPE sampler was applied again for fine-tuned optimization. The
optimized hyperparameters derived from this process are presented in Tables A2–A4.
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Table A2. SVM hyperparameters.

Hyperparameter Value

Regularization (C) 8.7

Kernel Function rbf

Kernel Coefficient (gamma) 3.0403

Table A3. XGBoost hyperparameters.

Hyperparameter Value

N Estimators 571

Max Depth 19

Min Child Weight 2

Subsample Ratio 0.9993

Colsample by Tree 0.5886

Grow Policy Loss Guide

Max Leaves 83

Tree Method Hist

Learning Rate (eta) 0.0863

Min Split Loss (gamma) 0.0011

L2 Regularization (lambda) 1.8137

L1 Regularization (alpha) 0.0079

Scale Positive Weight 7.6183

Table A4. MLP hyperparameters.

Hyperparameter Value

Hidden Layer Sizes (128, 64)

Activation ReLU

Optimizer (Solver) Adam

Initial Learning Rate 0.0011

Max Iterations 419

Batch Size 200
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