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[Abstract]

This study presents a Learning-to-Rank (LTR)-based machine learning approach for predicting relative
rankings in horse races. Using 9,140 race records from the Korea Racing Authority (May 2024 — April
2025), we evaluate and compare three Gradient Boosted Decision Tree (GBDT) models: LightGBM,
XGBoost, and CatBoost. The proposed framework applies the Listwise LambdaRank technique to
optimize overall rankings and assesses performance using NDCG, MAP, and MRR metrics. Results
show that CatBoost achieved the highest ranking quality (NDCG = 0.8895, MAP = 0.4204), while
LightGBM and XGBoost delivered superior prediction accuracy in practical betting scenarios. Feature
importance analysis revealed that recent race performance, overall average rank, assigned weight, and
horse age are key predictive factors. Finally, we developed a user-friendly web-based prediction system
that visualizes ranking results and supports intuitive decision-making, even for novice users. The

proposed framework offers a practical and interpretable solution for accurate horse race prediction.

» Key words: Horse Racing Prediction, Machine Learning, Learning-to-Rank, LambdaRank,
Web-based Prediction System
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I. Introduction
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II. Preliminaries

1. Problem Definition and Betting Terminology
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2. Learning to Rank (LTR)
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Table 1. Comparison of LTR Methods

Type Description Feature
Predict sinale Predict scores for
Pointwise . 9 individual items and
item
sort them
Predict relative | Learn the relative
Pairwise order of two | predominance of two
items items of two items
Listwise Predict order of | Optimize the ranking
full list of the entire list

2.1. Learning Algorithm
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2.2. Ranking Model
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Table 2. Comparison of LTR Models and Objective
Functions

Model Objective Function LTR Method
LightGBM rank_xendcg Listwise
XGBoost rank:pairwise Pairwise
CatBoost YetiRankPairwise Pairwise
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3. Evaluation Metrics for Ranking
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Table 3. Evaluation Metrics

Metric Description
Measures the quality of a ranked list,
NDCG assigning higher weights to relevant items
at higher positions. Ranges from 0 to 1,
with 1 indicating a perfect ranking.
Evaluates how well relevant items are
MAP placed at the top of the ranked list,
incorporating both precision and recall.
Calculates the average of the reciprocal
MRR ranks of the first relevant item in the
results.
ExactRank Mea§ures the proportion of items whose
Accuracy predicted rgpk exactly matches t.he actual
rank (specifically defined for this study).
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III. The Proposed Scheme

1. Data Collection and Preprocessing
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Table 4. Descriptive Statistics of Variables

Variable Mean Min Max Star.ld.'f)rd
Deviation
prev.S_avorank |43 1 g | 920 285
_in_race
jk_hr_win_rate 0.02 0.0 1.0 0.13
Jkhravorank_ | 500 | 4 12.0 167
in_race_exp
tr_win_rate 0.10 0.0 1.0 0.06
troavarankin_ | 5 | g0 | 110 0.80
race_exp
moisture_percent 0.08 0.03 0.2 0.05
track_condition_ | (g | g4 | 4q 1.68
category_encoded
rest_days 36.07 0.0 351.0 33.04
age 3.57 2.0 11.0 1.24
game_attendance | 2.88 0.0 20.0 2.58
avg_ord 4.33 0.0 16.0 2.93
avg_winRate 0.08 0.0 1.0 0.20
season_spring 0.29 0.0 1.0 0.45
season_summer 0.26 0.0 1.0 0.44
season_autumn 0.27 0.0 1.0 0.44
season_winter 0.18 0.0 1.0 0.39
ord1CntT_jk 379.4 17.0 2246.0 501.2
ord2CntT_jk 361.4 18.0 2097.0 419.35
ord3CntT_jk 344.8 23.0 1793.0 349.41
ord1CntT_tr 326.6 1.00 624.0 177.20
ord2CntT_tr 318.8 1.0 638.0 169.57
ord3CntT_tr 316.8 40 622.0 167.89
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Table 5. Performance Test

Model LightGBM XGBoost CatBoost
Average
DG 0.8725 0.8789 0.8895
Average 0.2263 0.2291 0.4204
MAP
Avl\'j;aRge 0.3940 0.3943 0.1785
ExactRank 0.1425 0.1374 0.0768
Accuracy
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Table 6. Performance Test by Betting Pool

Betting pool LightGBM XGBoost CatBoost
Win 18.85% 18.85% 3.14%
Place/ 47.12% 52.88% 14.66%
Show

Quinella 7.85% 7.85% 0.00%
Exacta 5.76% 3.14% 0.00%
Trio 3.14% 5.24% 0.00%
Quinella 17.28% 19.37% 1.05%
Place

Trifecta 1.05% 0.52% 0.00%
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Table 7. Hyperparameters

Hyperpara | ;1 1GBM XGBoost CatBoost
meter
Objective rank_xendcg | rank:pairwise Yetha.nkPalr
wise
Metric ndcg ndcg ndcg
Learning_rate 0.05 0.05 0.05
- ;r;:x. y ”“mz—;‘javes max_depth=6 |  depth=6
Regularization Iargz;jaau_ltIZ 12_leaf_reg=3
Verbose -1 0
subsample=
Data subsample= 0.8, subsample=
Sampling default colsample_b default
ytree=0.8
callbacks=[lg
Early b.early_stopp early_stoppin
Stopping ing(stopping g_rounds=10
_rounds=10)]
Iteration nrl;?;sgg[s]é_ iteration=200

4. Feature importance
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Fig. 1. Feature Importance Analysis
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IV. A System Development of
Horseracing Prediction
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Fig. 4. Web—-based Interface for Horse Race Prediction

V. Conclusion
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