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Project Overview

League of Legends, the world’s largest esport, boasts

over 150 million registered players and a vibrant Our analysis employed a diverse set of machine learning models trained on pre-match data, Across all models, classification accuracy exceeded 95%, with random forest
professional scene with millions of concurrent focusing on classification accuracy and other performance metrics. Our models included and the neural network achieving the best results. Random forest reached 96%
viewers. Each professional match provides valuable logistic regression, random forest, gradient boosting, and a neural network. Logistic accuracy with match vectors and embeddings, while the neural network

data, particularly the pr.e-match.draftlng phase, regression was used for its simplicity and interpretability, while random forest and gradient demonstrated the highest AUC at 99%. Embeddings provided marginal

where teams select their champions. Qur research boosting | d ble learning to enh f Th | network model benefit ting that win rates and champion statistics sufficiently captur
focuses on predicting match outcomes based solely .oos ing leverage en.sem e learning oen. an.ce performance. el?eur.a network mode ene s,.su.gge.s ing a. winra es and champion statistics sufficie }/c pture
on pre-match data, using machine learning models to incorporated layers with dropout, ReLU activation, and batch normalization to prevent the predictive information. Precision, recall, and F1 scores were consistently
optimize prediction accuracy and identify impactful overfitting. strong across methods, validating the robustness of our approach.

features of successful drafts.
To evaluate model performance, we used a randomized 80/20 train-test split. We measured
Previous studies on League of Legends win prediction

: , model accuracy, area under the receiver operating characteristic curve (AUC), precision,
have explored both pre-match and in-game data, with . : . Accuracy / AUC
recall, and F1 score. These metrics provided a comprehensive assessment of model

varying results. Do et al. (2021) utilized pre-match
datz\/ ingranked games ad(ﬂevin)g 75.1% apccuracy but effectiveness, robustness, and predictive power. _ LR GB RF NN
?zigg‘;)t I‘f\ﬁggﬁ;ﬁfﬁg‘zﬁ; rg‘aattacgﬁz I?r”ei_fntaat'-ch Baseline (One-hot) ]0.53/0.53(0.52/0.52 [0.51/0.51 |0.54/0.55
features, achieving a combined accuracy of 99.75% 0.95 - R —— Trainioss One-hot Win Rate 0.82/0.82(0.75/0.76 [{0.78 /0.78 [0.82/0.92
for professional matches. Costa et al. (2021) found 0.81 — Velidatlon.Loss
that player statistics were more predictive than bans 0.90 - Team Vector 0.91/0.9110.91/0.91 |0.91/0.91 [0.91/0.98
or champion picks, reporting an AUC of 0.97. Our o7 Match Vector 0.95/0.95 | 0.95/0.95|0.95/0.95 |0.95/0.99
work improves upon these findings by exclusively S 9% . : : ' : ' ' : '
using professional match data and achieving higher = % Match Vector + EMB §0.95/0.95 [0.95/0.95 |0.96/0.95 |0.95/0.99
classification accuracy. g’ . ~ e
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— “Train Accuracy - . Discussion & Future Research
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Our dataset, sourced fro.m Olracle ShE|IXI|r, CO(rjﬁEalnS 0.0 25 50 75 10.0 125 15.0 17.5 20.0 00 25 50 75 10.0 12.5 15.0 17.5 20.0
gggjmm 8,5.|62fprof(?55|ona m.atcl €SP ayi\ftm BHOCHS Epochs Most of our models had high accuracy, but the models that used the Match
N pr]lmarl Y ?cEsmg on majorl ea%uss;c ‘ cr NN Train/Validation Accuracy & Loss on Match Vector + EMB vector input format were the most successful. This seems to be due to our
grzglzng or con|1p c enesds,5v§§ iana yzeW ata Iromd inclusion of the champion-specific player win rate, which we believe to be the
ap urpqui P a{ersfan fo i eelarrés.. c exE otre most significant feature in predicting success. Other features such as each
VarIO(l:l,l.S mpfu r\]/ec or orn|1a if (NCIUCING (?cne— Od = L0 T— — player’s seasonal win rate and each champion’s seasonal win rate are also
e(r;co mgilo cba?dplontse ﬁc. ons, win ravis, ilgv ol \ important, which we also applied to the banned champions. Even though we
_zla_hvance cm eh m”g cc qu:es Using f{ eC. = | initially believed that it would be important to consider synergies between
€s¢ a|.3t|.3roac ZS al OWE tuts. 5 re.presen eatm - 08 pairs of champions, it seems that directly adding features for each champion is
.COfmpOSL.IOHS ar;] player statistics in a compact, ;% = @ not significantly useful. Rather, we believe champion and player win rates
information-rich manner. @ @ 0.7 encapsulate these synergies for us, since professional teams draft champions
o | - = with compatibility in mind.
%Zz , 061 __ 1R
g" 50 ,;:T = |- o In regards to future work, we would like to find some way to utilize the
o B — NN datasets from previous years, which could increase the accuracy of the model,
g Z’Z g Pl 072 04 0% 0% 10 0.0 02 0.4 - 0.6 0.8 L0 despite the game and champions being updated every season. Furthermore,
S i1 . Reeall we believe that cleaning the data by removing entries corresponding to less
oh—_ | Precision-Recall for One-hot Win Rate and Match Vector + EMB prevalent teams and players could also improve our model.
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