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Abstract

This paper explores the replication of the DotA Plus prediction system using decision tree
algorithms. The study implements and evaluates Extra Trees Classifier, Random Forest
Classifier, and Hist Gradient Boosting Classifier, along with their combined average, for
predicting the outcome of Defense of the Ancients (DotA) 2 matches. Data was collected
using the OpenDotA API and the Steam API, and various features such as game duration,
tower and barracks states, net-worth, assists, last hits, gold, level, gold per minute, and
experience per minute were extracted for model training. Additionally, hero and item
win rate features, derived from Dotabuff data, were incorporated to enhance the models’
predictive accuracy. The models were trained on datasets with varying match durations,
including segments for matches under 10 min, between 10 and 20 min, and over 20 min.
The experimental results show that the Extra Trees Classifier consistently outperformed
other individual models and performed comparably to the averaged models, achieving a
peak performance of 98.6% test accuracy on matches longer than 20 min when using match
duration segmentation and hero/item embeddings. The study highlights the effectiveness
of decision tree-based methods for real-time match outcome prediction in DotA 2 and
offers insights into feature importance. The combined average of Extra Trees Classifier,
Random Forest Classifier, and Hist Gradient Boosting Classifier models provides a robust
and reliable prediction of DotA 2 match outcomes, thus showing potential as a real-time
prediction system.

Keywords: DotA 2; real-time analysis; OpenDotA API; feature engineering; item winrates;
esports; prediction system

1. Introduction
The exponential growth of esports in the past decade has transformed competitive

gaming into a global phenomenon, with titles such as DotA 2 drawing millions of active
players and international audiences through tournaments like The International. This
rise has not only popularized the spectator experience but also generated substantial
research interest in predictive analytics, particularly in understanding and forecasting
match outcomes. Predictive models can enhance engagement for viewers, provide insights
for professional teams, and support third-party platforms in delivering analytical content.
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One of the most notable innovations in this space is Valve’s DotA Plus subscription ser-
vice, which includes a real-time win probability prediction system. This system dynamically
updates during a match, offering spectators and players a sense of how likely each team is
to win as the game evolves. While impactful, the system is proprietary and closed-source,
limiting the ability of researchers and practitioners to study or replicate its mechanisms.

The practical value of developing an open and interpretable DotA 2 match prediction
system extends beyond academic curiosity. Such a system can provide real-time analytical
insights to players and coaches for post-match review, support casters and broadcasters in
explaining in-game momentum shifts to spectators, and assist tournament organizers and
analysts in forecasting outcomes during live events. By making predictive mechanisms
transparent, the system also promotes trust and educational value, enabling players and
data scientists to understand how specific in-game factors such as hero selections, gold
advantage, or item timings affect the likelihood of winning. This creates a strong incentive
for the academic community to develop transparent, reproducible, and explainable systems
that combine high predictive accuracy with practical usability, bridging the gap between
proprietary esports analytics tools (e.g., DotA Plus) and open research-driven frameworks.

Previous studies have investigated match prediction in DotA 2 and similar multiplayer
online battle arena (MOBA) games using a wide range of machine learning techniques.
Akhmedov and Phan [1] applied machine learning models to predict DotA 2 outcomes,
highlighting the potential of structured approaches for esports analytics. Deep learning
models have also been explored, for example, in Ke et al. [2], who proposed a neural
network framework to predict match outcomes based on simulated team fights. Other
approaches, such as MOBA-Slice by Yu et al. [3], introduced time-slice frameworks to
evaluate the relative advantage between teams, reflecting the importance of temporal
segmentation. Do et al. [4] demonstrated that incorporating player–champion experience
substantially improves predictive accuracy in League of Legends, highlighting the value
of contextual features. Similarly, Chowdhury et al. [5] found that ensemble-based models
outperform single classifiers for match prediction tasks, emphasizing the robustness of
decision tree–based approaches in esports prediction research. These works collectively
emphasize that time-evolving match dynamics and contextual feature selection are crucial
to building accurate prediction models.

Despite their success, deep learning models often lack interpretability, posing chal-
lenges for esports analysts who wish to understand why a model produces certain pre-
dictions. In this regard, decision tree–based algorithms (e.g., Random Forest, Extra Trees,
and Gradient Boosting) offer a strong alternative. They are highly effective for structured
tabular data [6,7], computationally efficient [8–11], and provide interpretable outputs such
as feature importance scores. These properties make decision trees particularly well-suited
for DotA 2, where structured features (net-worth, gold per minute, hero levels, tower
states) and contextual statistics (hero/item win rates) dominate the prediction landscape.
The study [12,13] demonstrates the advantage of decision tree models on bigger datasets
through experimental evaluation.

This study investigates the use of decision tree algorithms, Extra Trees Classifier (ETC),
Random Forest (RF), and Histogram-based Gradient Boosting (HGB) for replicating the
DotA Plus prediction system. To capture the evolving dynamics of gameplay, datasets were
segmented by match duration (<10 min, 10–20 min, >20 min), mirroring the early, mid,
and late phases of DotA 2 matches. Furthermore, the feature space was enriched with hero
and item embeddings derived from Dotabuff, reflecting strategic decisions that strongly
influence outcomes.

By combining publicly available match data from the OpenDota API, the Steam API,
and external win rate statistics. The main contribution of this study lies in developing
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a transparent and reproducible DotA 2 outcome prediction framework that replicates
the functionality of Valve’s DotA Plus system using decision tree ensembles. This work
introduces the following methodological innovations:

• Temporal segmentation of datasets into early-, mid-game, and late-game phases,
reflecting DotA 2’s evolving match dynamics;

• Integration of hero and item embeddings, derived from Dotabuff win rates, to encode
meta-strategic information;

• Evaluation of model interpretability and ensemble averaging, producing stable, accu-
rate, and explainable predictions.

The experimental results show that the Extra Trees Classifier consistently outper-
forms other models, achieving accuracies of 91.4%, 97.3%, and 98.6% for early (<10 min),
mid (10–20 min), and late (>20 min) game segments, respectively. When enhanced with
hero and item embeddings, performance further improved to 94.6%, 94.1%, and 97.9%,
highlighting the contribution of contextual features. The findings demonstrate that de-
cision tree models not only achieve a high degree of predictive accuracy, demonstrating
the potential to function at a level comparable to proprietary systems like Dota Plus, but
also provide interpretable insights into which features most strongly determine success. In
doing so, this research contributes to the growing body of literature on esports analytics,
while offering practical tools and open-source methodologies that can be extended to other
MOBA titles.

2. Related Works
Research on esports analytics and match outcome prediction has gained momentum

in recent years, with DotA 2 serving as a central testbed due to its strategic complexity and
data richness. Early approaches applied classical machine learning techniques to predict
outcomes from structured features. For example, Akhmedov and Phan [1] investigated
multiple learning models for DotA 2 prediction and demonstrated that feature selection
and algorithm choice strongly influence predictive performance. Their work highlighted
the feasibility of using publicly available datasets for accurate modeling of match outcomes,
but lacked temporal and contextual components, which limited its adaptability to evolving
game states.

Subsequent research incorporated deep learning to capture temporal dependencies
and team interactions. Ke et al. [2] developed a team-fight-based neural model that sim-
ulates combat dynamics to enhance predictive performance. Although their framework
improved accuracy during mid-game and late-game stages, it required high computational
resources and suffered from limited interpretability, an important drawback for real-time
analytics. Similarly, Yu et al. [3] introduced MOBA-Slice, a time-slice based evaluation
framework that quantified relative team advantages across different game phases, reflecting
the importance of temporal segmentation in MOBA prediction. These works emphasized
that outcome prediction benefits from contextualized, time-evolving features, rather than
static aggregates. While it successfully modeled temporal progression, it remained descrip-
tive rather than predictive, offering limited real-time applicability.

In parallel, the broader machine learning literature has produced a wide spectrum
of algorithms and frameworks applicable to esports prediction. Rokach [14] provided a
foundational overview of ensemble learning, illustrating how the aggregation of weak
learners through methods such as bagging, boosting, and random subspace selection can
significantly improve predictive accuracy and generalization. These ensemble strategies
are particularly effective for complex, nonlinear datasets like DotA 2 match records, where
interactions between features such as hero selection, itemization, and temporal performance
evolve dynamically. However, while ensemble approaches tend to outperform single
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learners, they often suffer from limited interpretability, making it difficult to trace individual
decisions or feature contributions.

Subsequent advances in model optimization such as histogram-based estimation [15]
and metaheuristic tuning strategies [16], have further extended the capabilities of tradi-
tional ensemble models. Histogram-based methods accelerate computation by discretizing
continuous variables, yielding faster convergence and reduced memory usage for large-
scale gaming datasets. Yet, this discretization can obscure subtle feature dependencies,
reducing fine-grained interpretability. Conversely, metaheuristic algorithms, including
genetic optimization and swarm-based tuning, often achieve higher accuracy through
adaptive parameter search but are computationally expensive and impractical for real-time
prediction contexts like live esports analysis.

Win prediction in esports has been widely investigated in live professional envi-
ronments where the ability to update forecasts in real time is critical. Hodge et al. [17]
conducted one of the earliest large-scale empirical studies on DotA 2 and League of Leg-
ends, demonstrating that machine learning models can effectively predict match outcomes
using live in-game statistics streamed from professional tournaments. Their system high-
lighted the importance of incrementally updated features, such as team net-worth, kill
differentials, and objective control, to capture the evolving state of play. This research
established the conceptual foundation for dynamic, data-driven win probability systems
that mirror the real-time analysis performed by proprietary engines such as DotA Plus.
However, while Hodge et al.’s framework achieved strong predictive accuracy, it relied
heavily on complex feature engineering and high-frequency data collection, making it
computationally intensive and less accessible for open, reproducible research. Moreover,
their models prioritized real-time responsiveness over interpretability, offering limited
insight into the relative importance of contributing factors.

Beyond pure prediction accuracy, interpretability has emerged as a central concern
in recent research. Losada-Rodríguez et al. [18] specifically explored the explainability
of machine learning algorithms in the context of DotA 2. This interpretability focus is
essential for esports analytics, where analysts and players must trust the system’s insights.
However, many explainability approaches remain post hoc rather than intrinsic, whereas
the tree-based methods used in this study provide native interpretability through feature
importance metrics.

Earlier research into DotA 2 outcome prediction primarily focused on applying con-
ventional machine learning models to structured match data. Wang et al. [19] investigated
several baseline algorithms, including logistic regression, decision trees, and support vector
machines, to forecast match winners using in-game features such as kills, gold accumula-
tion, experience gain, and tower destruction. Their study provided one of the first empirical
validations that meaningful predictive signals exist in DotA 2’s statistical data, establishing
a foundation for subsequent analytical models. However, these early approaches were
constrained by limited dataset diversity, static feature design, and the absence of temporal
or contextual modeling, which reduced their ability to capture the evolving dynamics
of a match.

In addition to interpretability, hybrid approaches that merge in-game and external
data are gaining traction. Lee and Kim [20] introduced machine learning based indicators
leveraging bounty mechanisms to detect comebacks, highlighting dynamic prediction
beyond static win rates. The present study builds upon these ideas by integrating hero
and item win rate embeddings with in-game statistics, an innovation that captures both
meta-level strategies and real-time performance trends.

In contrast, the present study leverages the strengths of ensemble decision tree algo-
rithms, specifically, Extra Trees, Random Forest, and Histogram-based Gradient Boosting
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while mitigating the interpretability and computational drawbacks of prior approaches.
Unlike deep or metaheuristic models, our framework provides transparent feature attri-
bution, allowing analysts to understand which variables most strongly influence match
outcomes. Moreover, by integrating temporal segmentation and meta-level embeddings
(hero and item win rates), the proposed system achieves high accuracy (up to 98.6%) with
substantially lower computational cost, offering a reproducible, interpretable, and efficient
alternative to ensemble and deep learning methods.

3. Materials and Methods
The methodological framework of this study was designed to replicate the DotA Plus

prediction system in a transparent and reproducible manner (Shown in Figure 1). The pro-
cess involved four main stages: data acquisition, feature engineering, model development,
and evaluation.

Figure 1. End-to-end data pipeline of the proposed methodology.

Figure 1 shows the data preprocessing pipeline to ensure full reproducibility from
collection to model-ready datasets. Match data were obtained from the Steam API, which
provided live league snapshots and final match outcomes, and from the OpenDota API.
Each live game snapshot was synchronized with its corresponding final result using a
unique match identifier. Once the final ground-truth winner became available, the record
was updated accordingly and retained only if both teams’ complete scoreboards (five
players each) were present.

To improve temporal interpretability, snapshots were filtered. Two parallel feature
sets were derived: (1) compact team-aggregate differences (46 variables, such as net-worth,
experience, and tower states), and (2) rich per-player features (186 variables) capturing
kills, deaths, assists, hero levels, and item information. Bitfield data representing tower and
barracks states were expanded into binary indicator columns for each structure. Missing
or incomplete rows were conservatively removed rather than imputed to avoid label
distortion. All features were normalized. The binary target label (winner) was encoded as 1
for Radiant victory and 0 for Dire victory. This process produced stratified CSV datasets for
each temporal bucket, which were used in the training phase. The following subsections
discuss each of above-mentioned steps.
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3.1. Data Source and Acquisition

To build a reliable prediction framework, high-quality match data was required. In
this study, match data were collected from two primary sources: the OpenDotA API and the
Steam API, both of which provide structured access to live and historical DotA 2 data. For
real-time and league-level information, custom Python-based data miners were developed.
These miners continuously retrieved live match statistics and stored them in a MongoDB
database, while additional processes updated the database with final match outcomes
once games concluded. The dataset spans the 2021–2024 period, covering multiple DotA
2 patches and competitive leagues. Each match was uniquely identified by its match_id,
ensuring strict separation between training and testing sets.

To enrich predictive features, hero and item win rate statistics were scraped from
Dotabuff, a widely used third-party analytics platform. These statistics were processed into
numerical embeddings representing both individual team compositions and aggregated
win rate profiles, providing contextual knowledge beyond raw in-game statistics.

3.2. Dataset Composition

After acquisition, the collected data were organized into structured datasets suitable
for machine learning. Two categories of datasets were used:

1. Public matches: ranging from 1 k to 40 k samples across different experiments.
2. League matches: larger datasets from 20 k to 116 k samples, including segmented

subsets by match duration.

Each record contained hundreds of structured features:

• Game-level: duration, tower states, barracks states, team score, radiant/dire series wins;
• Player-level: kills, deaths, assists, last hits, denies, gold, level, gold per minute (GPM),

experience per minute (XPM), and net-worth;
• Inventory-level: hero identifiers, item slots (0–6), and additional backpack/neutral items.

External hero and item win rates were scraped from Dotabuff and merged with the
datasets to capture meta-level knowledge

3.3. Preprocessing and Feature Engineering

Raw data alone is insufficient for capturing the complexity of DotA 2 matches. There-
fore, additional feature engineering steps were applied to transform in-game statistics and
external knowledge into predictive inputs.

• Normalization: Continuous features such as GPM and XPM were scaled.
• Feature selection: Different feature subsets were tested, ranging from full-scale

(186+ features) to reduced representations (~46 features), to evaluate model perfor-
mance under computational constraints.

• Temporal segmentation: Matches were partitioned into three phases:

1. Early game (<10 min)
2. Mid game (10–20 min)
3. Late game (>20 min)

This segmentation reflects DotA 2’s evolving dynamics and improves prediction reliability.

• Embeddings: To incorporate meta-level strategic context, hero and item embeddings
were generated using publicly available data from Dotabuff. Each hero and item was
represented by two frequency-based attributes: global win rate and pick rate. These
statistics were retrieved through Dotabuff’s historical match data and aggregated to
form contextual embeddings for every team composition. For each match, 10 hero
slots (5 per team) and up to 6 item slots per player were encoded into a structured
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vector, yielding fixed-dimensional inputs that capture both individual and collective
performance potential. All embedding values were normalized using min–max scaling
to the [0, 1] range prior to model training. This encoding method preserves inter-
pretability while enriching the model with data-driven meta-information on hero and
item effectiveness.

3.4. Decision Tree Algorithms

The selection of Extra Trees, Random Forest, and Histogram Gradient Boosting models
was guided by the need for transparent and reproducible ensemble methods that balance
interpretability with accuracy. Although modern alternatives such as XGBoost and CatBoost
often achieve higher raw accuracy, their gradient-boosting frameworks involve additional
complexity and reduced transparency in feature attribution. The decision tree ensembles
used in this study, implemented through Scikit-learn, provide straightforward feature-
importance metrics and reproducible parameter settings, making them ideal for an open
DotA 2 prediction framework.

The selection of these specific models was directly informed by our prior comparative
analysis [21], which evaluated six different decision tree algorithms for Dota 2 outcome
prediction. In that work, these three ensemble methods demonstrated the highest predictive
accuracy and robustness, establishing them as the most promising candidates for the
more advanced, time-segmented replication study presented in this paper. Their proven
effectiveness, capacity to capture nonlinear relationships, and interpretability make them
ideal for this task.

Extra Trees Classifier: The Extra Trees Classifier [16] constructs an ensemble of ran-
domized decision trees, where both feature selection and split thresholds are determined
randomly during training. This approach increases model diversity, reduces variance, and
accelerates training compared with conventional Random Forests. In this study, the ETC
was configured with 150 estimators (a relatively high number of trees (150) was selected to
stabilize accuracy without excessive training time), using the entropy criterion to maximize
class separability.

Random Forest Classifier: The Random Forest model aggregates multiple decision
trees trained on random subsets of the dataset using bootstrap sampling. Each tree is
built using a random subset of features to enhance generalization and reduce overfit-
ting. In this study, the RF was implemented with 50 estimators (a moderate ensem-
ble size achieved a strong balance between predictive accuracy and computation time)
and the Gini impurity criterion, providing an interpretable and computationally efficient
baseline for ensemble comparison.

Hist Gradient Boosting Classifier: The Histogram Gradient Boosting Classifier builds
trees sequentially, with each new tree correcting the residual errors of the previous ensemble.
Unlike traditional gradient boosting, HGB uses histogram-based binning of continuous
features, which significantly improves computational efficiency on large-scale datasets.
The classifier was configured with a learning rate of 0.2 and 100 iterations, providing rapid
convergence while maintaining high accuracy.

Ensemble Methods (Combining Classifiers): In addition to evaluating the individual
performance of each algorithm, this study explores the use of ensemble methods, specif-
ically averaging the predictions of multiple classifiers, to achieve a more robust overall
system [14]. By averaging the predictions from Extra Trees, Random Forest, and Hist
Gradient Boosting models, this study aims to reduce variance and bias, leading to a more
stable and accurate prediction of DotA 2 match outcomes.
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4. Results
All models were developed using the Scikit-learn framework (version 1.5.2) and

trained under identical data partitions with a 90/10 train–test split and a fixed random
seed (random_state = 1) to ensure reproducibility.

The configuration of each model followed standard practices in ensemble learning,
with hyperparameters tuned empirically through multiple iterations to balance inter-
pretability, accuracy, and training efficiency. The performance of each model was evaluated
individually, and their combined average was also analyzed to determine the effectiveness
of an ensemble approach. The models were trained and tested on datasets segmented by
match duration to assess the impact of game length on predictive accuracy. These datasets
included matches under 10 min, between 10 and 20 min, and over 20 min. The features
used for model training included game duration, tower and barracks states, net-worth,
assists, last hits, gold, level, gold per minute (gpm), and experience per minute (xpm).
Additionally, hero and item win rate features derived from Dotabuff were incorporated to
enhance the models’ predictive accuracy.

We summarize the main results obtained from experiments across varying dataset
sizes and match duration segments.

The DotA Plus prediction system, which serves as a benchmark for this study, displays
the win probability for each team in real-time during a match (see Figure 2). The panel
shows three time-series provided by the in-game DotA Plus system for an example pro-
fessional match: (i) win probability for the Radiant team (percentage), (ii) team net-worth
differential (gold), and (iii) team experience differential (XP). The x-axis is match time
(minutes). Curve colors follow the legend at the top; positive values indicate a Radiant
advantage and negative values indicate a Dire advantage. The colored dots along the
bottom are event markers produced by the game client (e.g., kills/objectives).

 

Figure 2. DotA Plus analytics for an example match: win probability, net-worth, and experience over time.

Figure 2 visualizes the DotA Plus analytics available during a match: win probability
(%), net-worth (gold) differential, and experience (XP) differential as functions of time.
We reference this panel to orient the reader to the signals that motivate our features. In
our dataset, we construct snapshot features at fixed horizons (10/20/30 min), aggregating
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team economy and experience indicators together with hero/item information; the label
remains the final match outcome. We do not use the proprietary DotA Plus win-probability
output as a target or as a direct input. The figure therefore serves only as an example of the
temporal context from which our fixed-time features are derived.

To evaluate the performance of our models, we analyzed their predictions over the
course of sample matches. Figure 3 shows the predictions of the Extra Trees Classifier
throughout a match. The x-axis represents the match duration in minutes, and the y-axis
reports P(Radiant win) in percent (0–100). The dashed line at 50% is the decision boundary:
values above 50% indicate the model favors Radiant, while values below 50% indicate the
model favors Dire (P(Dire win) = 1 − P(Radiant win)). The red line indicates the Extra Trees
Classifier’s predictions, which fluctuate as the game state changes. Notably, the predictions
stabilize as the match progresses, reflecting the increasing certainty of the outcome.

 
Figure 3. Predicted Radiant win probability over match duration for the Extra Trees Classifier.

Similarly, Figures 4 and 5 display the predictions of the Random Forest and Hist
Gradient Boosting classifiers, respectively.

Figure 4. Predicted Radiant win probability over match duration for the Random Forest Classifier.
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Figure 5. Predicted Radiant win probability over match duration for the Hist Gradient Boosting Classifier.

The blue line in Figure 4 represents the Random Forest predictions, while the green
line in Figure 5 represents the Hist Gradient Boosting predictions. Both models exhibit
similar trends to the Extra Trees Classifier, with predictions fluctuating in the early stages
of the match and becoming more stable as the game progresses.

To explore the potential benefits of an ensemble approach, we calculated the average
of the predictions from the Extra Trees, Random Forest, and Hist Gradient Boosting models.
Figure 6 shows the average predictions over the course of the match. The black line
represents the combined average, which demonstrates a smoother trend compared to the
individual models. This suggests that averaging the predictions can reduce the variance
and potentially improve the overall accuracy of the prediction system.

Figure 6. Average Model Predictions: Combined average of the predicted win probabilities for the
Radiant team from the Extra Trees, Random Forest, and Hist Gradient Boosting Classifiers during the
first match.

Figure 7 provides a comparative overview of the predictions from all three individual
models and their combined average for the first analyzed match. The red, blue, green, and
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black lines represent the Extra Trees, Random Forest, Hist Gradient Boosting, and average
predictions, respectively. This comparison highlights the similarities and differences in the
models’ predictions and demonstrates the potential of the ensemble approach to provide a
more robust and reliable prediction.

Figure 7. Example match timeline with the model’s evolving prediction (First Match).

To further validate the models, a second match was analyzed using the same methodol-
ogy. Figure 8 illustrates the DotA Plus prediction system for this second match, showcasing
how the win probabilities change as the game unfolds. Figure 9 presents the predictions of
the Extra Trees, Random Forest, and Hist Gradient Boosting classifiers, along with their
combined average, for this second match.

 

Figure 8. Example match timeline with the model’s evolving prediction.
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Figure 9. Example of a match timeline with the model’s evolving prediction (Second Match).

Figure 8 summarizes one match as a timeline. The green line is the ensemble model’s
win probability for Radiant computed at each step from the feature vector (Section 3), and
it should be read on the 0–100% scale on the left. The yellow and blue lines are context
signals that the model consumes team net-worth and experience differentials shown here
after simple scaling so that their trends are visible on the same plot. These curves do not
change the reported probabilities; they are included to make the drivers of probability
shifts interpretable. Vertical grid lines mark 10 min intervals. The colored tick marks at
the bottom indicate salient events (green for Radiant, red for Dire), such as team fights
and objective captures, which often precede sharp probability movements. In the pictured
match, a decisive fight around minute ~22 produces simultaneous spikes in net-worth and
experience and a corresponding increase in the model’s confidence in a Radiant victory.

Similar to the first match, the models’ predictions fluctuate in the early game but tend
to converge as the match progresses. The combined average again exhibits a smoother
trend, suggesting its potential for increased stability and accuracy. In this match, the
combined average remains more stable than the individual models.

The results demonstrate that the Extra Trees Classifier consistently outperformed the
Random Forest and Hist Gradient Boosting classifiers across all datasets. Notably, the Extra
Trees Classifier achieved a peak accuracy of 98.6% on matches longer than 20 min when
using match duration segmentation and hero/item embeddings. This suggests that the
Extra Trees algorithm is particularly well-suited for predicting the outcome of longer DotA
2 matches, where more data is available, and the game state is more stable. The combined
average of the three models also performed well, achieving comparable accuracy to the
Extra Trees Classifier. This indicates that the ensemble approach can provide a robust and
reliable prediction system, leveraging the strengths of each individual model.

Tables 1 and 2 report the classification accuracies of the evaluated models across
different dataset sizes and match-duration segments based on random hold-out split
using scikit-learn’s train_test_split with a 90%/10% train/test split and a fixed random
seed (random_state = 1); Each dataset contains one row per match at the corresponding
time horizon, and models were fit and evaluated within that dataset only, so no multiple
time slices from the same match are mixed across the train/test split. The only label
transformation was encoding the binary match outcome; no preprocessing steps were fit on
the full dataset before splitting. The accuracy values reported in Tables 1 and 2 correspond
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to the classification accuracy metric, defined as the ratio of correctly predicted outcomes
to the total number of test instances. Accuracy was computed using the “Scikit-learn
accuracy_score()” function. Three-time intervals are considered: matches shorter than
10 min, matches lasting between 10 and 20 min, and matches longer than 20 min. The
dataset size for each segment is approximately 38 k, 33 k, and 42 k records, respectively.

Table 1. Accuracy of models trained on league match data segmented by match duration.

Dataset Size Duration Segment Extra Trees Random Forest Hist Grad Boost

~38 k <10 min 91.4% 85.6% 79.9%

~33 k 10–20 min 97.3% 96.1% 90.0%

~42 k >20 min 98.6% 98.6% 96.1%

Table 2. Accuracy comparison of models trained with hero and item embeddings across different
match durations.

Dataset Size Duration Segment Extra Trees Random Forest Hist Grad Boost

~83 k <10 min 94.6% 84.4% 85.5%

~72 k 10–20 min 94.1% 93.0% 88.5%

~98 k >20 min 97.9% 97.6% 93.2%

The results show that for short matches (<10 min), the Extra Trees classifier achieved
the highest accuracy (91.4%), followed by Random Forest (85.6%), while Histogram-based
Gradient Boosting (Hist Grad Boost) performed the weakest (79.9%). For medium-length
matches (10–20 min), all models improved significantly, with Extra Trees reaching 97.3%
and Random Forest 96.1%. Hist Grad Boost also improved but remained lower at 90.0%.
For long matches (>20 min), both Extra Trees and Random Forest achieved equal and
highest performance (98.6%), while Hist Grad Boost again trailed behind with 96.1%.

Table 2 presents the accuracy of models trained with hero and item embeddings,
segmented by match duration. The datasets are considerably larger than in Table 1, with
approximately 83 k samples for matches under 10 min, 72 k samples for 10–20 min matches,
and 98 k samples for matches longer than 20 min.

It can be seen from the results that for short matches (<10 min), Extra Trees achieved
the highest accuracy (94.6%), significantly outperforming both Random Forest (84.4%) and
Histogram-based Gradient Boosting (85.5%). In medium-duration matches (10–20 min),
Extra Trees and Random Forest performed comparably well, with 94.1% and 93.0% accuracy,
respectively, while Histogram-based Gradient Boosting trailed slightly at 88.5%. For long
matches (>20 min), both Extra Trees (97.9%) and Random Forest (97.6%) achieved almost
identical, near-perfect accuracies, while Histogram-based Gradient Boosting performed
strongly but lower at 93.2%.

Overall, the models demonstrate improved predictive power as match duration in-
creases, similar to the trend in Table 1. Extra Trees consistently achieves the best results
across all match durations, while Random Forest narrows the performance gap in longer
matches. Histogram-based Gradient Boosting remains the weakest model but still benefits
from longer match durations.

To ensure the reliability of the reported performance, we applied repeated stratified
5-fold cross-validation (3 repeats; 15 resamples) to all decision tree models on 10 min,
20 min, and 30 min snapshots datasets. For each model, the mean accuracy, standard
deviation (SD), and 95% confidence interval (CI) were computed from the resampled
accuracies. In addition, paired two-sided t-tests were conducted between the best model
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and all others on identical resampling splits. The best-performing model for each temporal
segment is highlighted in bold.

The results (Table 3) confirm that Histogram Gradient Boosting achieved the highest
accuracy on the 10 min dataset, reaching an average of 65.3% ± 0.19% (95% CI [65.23%,
65.43%]), marginally outperforming Extra Trees (64.87%) and Random Forest (64.4%). For
the 20 min dataset, Extra Trees achieved the best performance with 74.9% ± 0.15% (95% CI
[74.86%, 75.02%]), surpassing Random Forest (73.3%) and Histogram Gradient Boosting
(72.0%). On the 30 min dataset, Extra Trees again demonstrated the highest stability
and predictive power, reaching 86.4% ± 0.07% (95% CI [86.36%, 86.43%]), followed by
Random Forest (82.1%) and Histogram Gradient Boosting (76.3%). Across all configurations,
the performance differences were found to be statistically significant (paired t-test, all
p < 1 × 10−10), confirming that the ensemble-based decision tree models generalize reliably
across multiple temporal segments. The narrow confidence intervals (below ±0.2%) further
highlight the robustness and reproducibility of the proposed approach under repeated
resampling. Near-real-time deployability refers to inference latencies; all per-sample
prediction latencies are below 0.02 ms (e.g., Extra Trees 0.013–0.016 ms, Hist Gradient
Boosting ≈ 0.001–0.002 ms, Random Forest ≈ 0.003–0.004 ms).

Table 3. Cross-validation performance of tree-based classifiers (mean accuracy ± standard deviation,
95% CI) for early-, mid-, and late-game datasets (the best result is highlighted with bold).

Dataset Class Distribution Model Mean Acc (%) ± SD 95% CI

10 min Snapshots (414 k)
Radiant-win: 51.9%
Dire-win: 48.1%

Extra Trees Classifier 64.7 ± 0.0015 [0.6458, 0.6473]

Random Forest 64.3 ± 0.0016 [0.6417, 0.6433]

Hist Grad Boost 65.3 ± 0.0019 [0.6523, 0.6543]

20 min Snapshots
Radiant-win: 51.5%
Dire-win: 48.5%

Extra Trees Classifier 74.9 ± 0.0015 [0.7486, 0.7502]

Random Forest 73.3 ± 0.0015 [0.7327, 0.7342]

Hist Grad Boost 72.0 ± 0.0016 [0.7192, 0.7208]

30 min Snapshots
Radiant-win: 49.8%
Dire-win: 50.2%

Extra Trees Classifier 86.4 ± 0.0007 [0.8636, 0.8643]

Random Forest 82.1 ± 0.0012 [0.8204, 0.8216]

Hist Grad Boost 76.3 ± 0.0011 [0.7456, 0.7467]

To quantify and visualize the contribution of individual in-game metrics to match out-
come prediction, two complementary analyses were conducted using the trained Random
Forest models across the early (≤10 min), mid (10–20 min), and late (>20 min) match phases.
The first method, impurity-based (Gini) importance (Shown in Figure 10), measures how
frequently each feature contributes to node splits that reduce classification error within
the ensemble. The second method, permutation-based importance (Shown in Figure 11),
evaluates the decrease in test accuracy observed when the values of a given feature are ran-
domly shuffled, providing a model-agnostic estimate of its true predictive influence. Both
approaches were applied to the held-out test set using the same random split employed in
model evaluation to ensure consistent comparability.

Figure 10 illustrates the impurity-based (Gini) feature importance derived from the
Random Forest classifier across the early (≤10 min), mid (10–20 min), and late (>20 min)
match phases. In all three segments, net-worth difference, gold lead, and experience dif-
ference emerged as the most dominant predictors, highlighting their consistent role in
shaping match outcomes. During the early game, economic indicators such as last hits,
denies, and hero level differentials were particularly influential, reflecting the importance
of initial resource accumulation. In the mid-game phase, tower status and teamfight partic-
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ipation metrics gained higher importance, indicating the growing influence of territorial
control and coordinated engagements. By the late-game stage, item-based advantages
and kill differentials became more decisive, signifying a transition from macroeconomic
to strategic dominance. The overall similarity in feature ranking across time segments
demonstrates the model’s stability and the persistent predictive relevance of a core subset
of gameplay variables.

Figure 10. Impurity-based (Gini) feature importance by match phase.

Figure 11. Permutation-based feature importance by match phase.
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Figure 11 presents the permutation-based feature importance results for the same
temporal segmentation, providing a model-agnostic evaluation of each variable’s real
predictive contribution. The permutation analysis confirms and strengthens the insights
derived from impurity-based measures, showing that net-worth difference, experience
gain, and tower advantage consistently produce the largest decreases in test accuracy
when perturbed. This indicates that these features are central to the model’s ability to
distinguish winning and losing teams. Notably, in the mid- and late-game phases, item
completion counts and hero level progression became more prominent, underscoring the
increasing strategic complexity as matches evolve. The relatively smaller gaps between
top-ranked features also suggest overlapping synergies among economic, territorial, and
combat-related variables. These results collectively validate the interpretability of the
decision tree ensembles and provide quantitative evidence of which in-game metrics drive
predictive performance at each phase of the match.

These experimental results provide strong evidence for the effectiveness of decision
tree-based algorithms in replicating the DotA Plus prediction system. The high accuracy
achieved by the Extra Trees Classifier and the combined average of the models demonstrates
the potential of these methods for real-time match outcome prediction in DotA 2. The
consistent performance across two different matches further strengthens the validity of the
approach, suggesting its generalizability to a wider range of DotA 2 games.

5. Discussion
While earlier studies such as MOBA-Slice and Hodge et al. demonstrated the potential

of temporal segmentation and continuous prediction in esports analytics, the present work
extends these concepts through a transparent and reproducible ensemble-based implemen-
tation. The novelty of this study lies in combining interpretable decision tree ensembles
with temporal and meta-level contextual embeddings to achieve real-time prediction accu-
racy comparable to proprietary systems, while maintaining full methodological openness.

The Extra Trees Classifier emerged as the strongest individual performer, confirming
its ability to handle high-dimensional structured data with robustness and efficiency. Its
peak performance of 98.6% accuracy in late-game predictions demonstrates its capability to
capture decisive game-state features.

The successful replication of the DotA Plus prediction system using decision tree
algorithms has several implications. First, it provides a transparent and interpretable ap-
proach to real-time match analysis, offering insights into the factors driving the predictions.
Second, it demonstrates the potential of machine learning techniques to enhance the viewer
and player experience in esports by providing accurate and dynamic outcome predic-
tions. Thirdly, it is computationally less demanding, enabling near real-time deployment.
It also provides interpretable feature importance scores, allowing analysts and players
to understand which variables—such as gold per minute, experience per minute, and
net-worth—drive predictions. This interpretability is a crucial advantage over black-box
neural networks, particularly in competitive environments where transparency fosters
trust. Finally, the open-source nature of the methods employed in this study allows for
further research and development in the field of esports analytics.

Feature importance analysis identified net-worth, gold per minute (gpm), and expe-
rience per minute (xpm) as key predictors of match outcomes. These findings align with
the general understanding of DotA 2 gameplay, where resource advantage and experience
levels are crucial factors in determining a team’s success.

The segmentation of datasets by match duration revealed that predictive accuracy
generally increases as the game progresses. This is likely due to the accumulation of
more data and the stabilization of the game state, making it easier to discern the likely
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winner. Furthermore, the inclusion of hero and item win rate features, derived from
Dotabuff, significantly improved the models’ performance, underscoring the importance
of incorporating external knowledge sources to enhance prediction accuracy in complex
domains like esports.

The integration of hero and item win rate embeddings demonstrates that blending
in-game data with external meta-knowledge can further enhance prediction accuracy. This
hybrid approach highlights the value of community-driven statistics (e.g., Dotabuff) in refin-
ing esports analytics models. Future work could extend this by incorporating player-specific
statistics, drafting strategies, or patch-version data to account for evolving metagames.

Future extensions of this research could incorporate optimization-driven frameworks
for model refinement. For instance, multi-objective optimization approaches, such as
the improved non-dominated sorting genetic algorithm used in surveillance and control
systems [22] provide structured strategies for balancing competing objectives like accuracy,
interpretability, and computational efficiency. Integrating such frameworks with data-
driven modeling could enable automated hyperparameter tuning and dynamic model
adaptation for evolving esports environments.

From a deployment perspective, the decision tree–based models used in this study are
well suited for real-time prediction. Inference times remained below 35 ms per instance
on a standard CPU, enabling probability updates at 5–10 s intervals during a live match.
Because predictions rely only on the current game state, the system can operate effectively
in a streaming setting without requiring sequential processing of earlier states. Although
the models were trained offline in this study, the framework could be adapted to online
or incremental learning, allowing periodic retraining to accommodate evolving match
dynamics or new balance patches.

6. Conclusions and Future Work
This study investigated the feasibility of replicating the DotA Plus prediction system

using decision tree-based algorithms, specifically Extra Trees, Random Forest, and Hist
Gradient Boosting classifiers. The experimental results demonstrate that these algorithms,
particularly the Extra Trees Classifier, can effectively predict the outcome of DotA 2 matches
in real-time with high accuracy. The combined average of the three models also showed
strong predictive performance, suggesting the potential benefits of an ensemble approach
for enhanced robustness and reliability.

Overall, the ensemble-based decision tree methods demonstrated strong and reliable
predictive performance across all temporal datasets. Statistical analysis using paired t-
tests confirmed that Extra Trees achieved the highest accuracy on mid- and late-game
matches (20–30 min), with performance differences statistically significant at p < 0.001.
However, in the early-game phase (≤10 min), Random Forest and Histogram Gradient
Boosting achieved similar accuracy levels (differences <0.3%, p > 0.05), indicating that when
less temporal and item information is available, simpler ensembles perform comparably.
These findings suggest that while Extra Trees offers a strong balance of accuracy and
interpretability, model choice may depend on the game phase and available contextual
information, supporting adaptive ensemble configurations in future implementations.

The high accuracy and interpretability of these models make them a valuable tool for
real-time match analysis and offer a promising avenue for enhancing the understanding
and enjoyment of DotA 2 and other esports. The findings contribute to the growing
body of research on esports analytics and pave the way for further advancements in
this exciting field.

Future work could explore the use of other machine learning algorithms, such as deep
learning models, to further improve prediction accuracy. Additionally, incorporating more



Big Data Cogn. Comput. 2025, 9, 302 18 of 19

granular data, such as player-specific statistics and in-game events, could enhance the
models’ ability to capture the nuances of DotA 2 gameplay. Investigating the application of
these methods to other esports titles could also broaden the impact of this research.
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