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SUMMARY

This study examines the impact of environmental factors on horse racing performance using machine learning techniques, of-
fering insights into how climate and track conditions affect race outcomes. Horse racing is significantly influenced by external
conditions, with variables such as temperature, humidity, track surfaces, and wind patterns playing crucial roles. By analyzing
historical race data, this research helps trainers, bettors, and race organizers understand these factors. Support Vector Machines
(SVM), Decision Trees, K-Nearest Neighbors (KNN), Random Forest, and AdaBoost were employed to model race performance,
with SVM achieving the highest accuracy. Unlike other sports where athletes control their environment, racehorses must adapt
to external conditions. Traditional statistical methods often fail to capture the complex relationships between these factors. Ma-
chine learning, however, can identify nonlinear patterns in data and provide a more dynamic approach to analyzing race per-
formance. The study finds that temperature, humidity, wind, and track conditions are key influences. Moderate temperatures
(10-21°C) are ideal for optimal performance, while extreme heat causes fatigue and cold leads to stiffness. Higher humidity adds
stress, and wind patterns can either hinder or assist a horse’s speed. Track surfaces, including dirt, turf, and synthetic, also affect
a horse’s grip and stability, with wet conditions slowing horses down. The study’s findings contribute to a data-driven approach
in horse racing, allowing trainers to adjust strategies based on evidence. Ultimately, this research demonstrates how machine learn-
ing can revolutionize horse racing, offering more precise predictions, improved strategies, and a focus on equine welfare in re-

sponse to environmental challenges.
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INTRODUCTION

Horse racing is a dynamic sport influenced by a range of en-
vironmental conditions [1,2]. Understanding these influ-
ences is crucial for trainers, bettors, and industry stakehold-
ers. Traditional statistical models have been used to assess per-
formance, but machine learning presents a more sophisticat-
ed approach by recognizing complex, nonlinear relationships
between variables. This paper integrates machine learning
methodologies to evaluate the role of environmental factors in
race outcomes.

Environmental Factors Affecting

Horse Racing

Track Conditions

The type and condition of the racetrack significantly influence
horse performance, making it one of the most critical envi-
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ronmental factors in horse racing. The three primary track sur-

faces-dirt, turf, and synthetic-each have unique characteristics

that affect race outcomes in different ways [2].

+  Dirt Tracks: Dirt tracks are the most common racing sur-
face and tend to be affected significantly by weather con-
ditions. When dry, dirt tracks can provide firm footing, re-
sulting in faster race times. However, after heavy rain, dirt
tracks can become muddy or sloppy, increasing drag and
making it more difficult for horses to maintain their
speed. Some horses perform well on wet tracks, while oth-
ers struggle due to the increased resistance and instabili-
ty. Machine learning models can analyze historical race data
to identify which horses perform best under specific track
conditions, allowing trainers and bettors to make more in-
formed decisions [3,4].

+  Turf Tracks: Turf (grass) tracks offer a softer surface com-
pared to dirt, which can be beneficial for reducing injury
risks but also slows down race times. Unlike dirt tracks, turf
surfaces tend to absorb moisture differently, meaning
they can become heavy and slippery in wet conditions. This
can affect traction and increase the likelihood of horses los-
ing their footing. Additionally, seasonal changes can impact
turf track conditions, as grass quality, density, and main-
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tenance routines vary throughout the year. Machine learn-
ing algorithms can track these variations and adjust per-
formance expectations based on real-time data [3,4].

+  Synthetic Tracks: Synthetic tracks, made from materials such
as wax-coated sand, rubber, and fiber, were introduced to
provide more consistent racing conditions and reduce the
risks associated with extreme weather. These tracks are less
affected by rain and temperature fluctuations, offering more
predictable performance outcomes. However, not all hors-
es adapt well to synthetic surfaces, as the way they interact
with the ground differs from natural surfaces. Some hors-
es excel on synthetic tracks, while others struggle with the
difference in traction and rebound effect. Predictive mod-
els trained on past race performances can help assess how
individual horses respond to synthetic tracks, improving
strategic planning for races.

Another critical factor is the track maintenance process,

which influences how surfaces behave over time [5]. Track

grooming, watering schedules, and compaction levels all con-
tribute to race conditions. Machine learning models can inte-
grate track maintenance logs with weather data to predict how

a track will perform on race day, offering a significant advan-

tage for trainers and bettors alike.

Temperature and Humidity
Temperature and humidity play crucial roles in horse racing
performance, directly impacting the physiological and meta-
bolic processes of racehorses [6].
Temperature: Horses perform optimally in moderate tem-
peratures ranging from 10-21 °C, as this range allows for ef-
ficient thermoregulation and muscular function. In contrast,
extreme heat (above 35 °C) increases the risk of heat exhaus-
tion, dehydration, and reduced endurance. Studies have
shown that racehorses experience a 3-10% decline in speed
when racing in high temperatures, as their bodies struggle to
dissipate excess heat. Machine learning models can analyze tem-
perature trends and predict how horses will respond under vary-
ing conditions, helping trainers adjust training loads and hy-
dration strategies [7,8,9,10,11].

Conversely, cold temperatures (below 5 °C) can also impact per-

formance, though in different ways. In colder weather, hors-

es may experience muscle stiffness and reduced flexibility, lead-
ing to slower starts and increased susceptibility to injuries. How-
ever, some horses are naturally better adapted to colder climates,
meaning personalized predictions based on individual hors-

es past performances can be valuable [7].

+  Humidity: While temperature alone is an important fac-
tor, its effect is amplified when combined with humidity
levels. High humidity makes it difficult for horses to cool
down effectively, as sweating-their primary cooling mech-
anism-becomes less efficient. Dew point measurements,
which factor in both temperature and humidity, are in-
creasingly used in race analytics to assess the likelihood of
heat stress in horses. Machine learning models trained in
past race results can incorporate humidity data to refine pre-
dictions, identifying thresholds where performance declines
significantly [8,9,10,11].

The interaction between temperature, humidity, and hydration

strategies is also crucial. Trainers must adjust their race-day rou-

tines based on weather forecasts, ensuring that horses remain
properly hydrated and that race pacing is adjusted to account
for environmental stressors. Data-driven insights from predictive

models can assist in these decisions by analyzing historical races
under similar conditions.

Wind Patterns
Wind is an often overlooked but significant environmental fac-
tor in horse racing [12]. It influences not only race speeds but
also energy expenditure, race tactics, and track conditions [13].
Headwinds: Strong headwinds increase aerodynamic resistance,
forcing horses to expend more energy to maintain their
speed. Studies indicate that sustained headwinds above 10 mph
can reduce speeds by 2-5%, with even greater effects in long-
distance races. Horses positioned at the front of the pack ex-
perience the most resistance, whereas those drafting behind oth-
er horses can conserve energy. Machine learning models can
use wind speed data to predict how much additional energy
will be required under specific conditions, offering tactical ad-
vantages for jockeys and trainers.

+ Tailwinds: In contrast, tailwinds provide a slight per-
formance boost, as they reduce resistance and help hors-
es maintain momentum with less effort. While the bene-
fits of tailwinds are not as pronounced as the drawbacks of
headwinds, they can still contribute to faster overall race
times, particularly in sprint races where every fraction of
a second matters. Machine learning models can incorpo-
rate wind patterns to adjust performance expectations, al-
lowing bettors and analysts to fine-tune their predictions.

+  Crosswinds: Less commonly analyzed but still impactful,
crosswinds can disrupt a horse’s balance and racing line,
especially on curved sections of the track. Jockeys may need
to make slight directional adjustments, which can add small
inefficiencies to race performance. By integrating real-time
wind data, predictive models can identify potential chal-
lenges posed by crosswinds and inform strategic adjustments
for riders [14,15,16].

+ Impact on Track Conditions: Wind patterns also affect track
conditions over time. Strong winds can dry out dirt
tracks, leading to firmer, faster surfaces, or blow debris and
sand onto the track, reducing traction and visibility. Turf
tracks are particularly sensitive to wind-related moisture
changes, as drying winds can alter grass texture and affect
grip. Machine learning algorithms trained on historical race
data can detect these trends and predict how track condi-
tions will evolve leading up to a race.

Integrating Machine Learning for
Environmental Impact Analysis

The integration of machine learning into horse racing analy-
sis allows for a multi-variable assessment of environmental con-
ditions. Instead of analyzing track conditions, temperature, hu-
midity, and wind patterns in isolation, machine learning
models can account for their interactions, identifying nonlinear
dependencies that may not be immediately obvious through
traditional analysis. For example, a combination of hot tem-
peratures, high humidity, and a wet track might produce dras-
tically different race outcomes than hot temperatures, low hu-
midity, and a firm track. A tailwind of 15 mph on a synthetic
track might lead to increased speed, whereas the same tailwind
on turf might have minimal impact. Machine learning mod-
els trained on thousands of historical races can detect these sub-
tle interactions and provide more precise predictions based on
real-time environmental data [17,18,19].

Furthermore, real-time data collection using IoT sensors, weath-



er APIs, and track monitoring systems can continuously up-
date machine learning models, ensuring that race-day condi-
tions are reflected accurately in predictive analytics [19]. As the
technology evolves, the ability to optimize race strategies based
on environmental conditions will become a key differentiator
in horse racing performance analysis. Ultimately, a compre-
hensive understanding of track conditions, temperature, hu-
midity, and wind patterns-combined with advanced machine
learning techniques-provides valuable insights that can enhance
race strategy, improve betting accuracy, and promote the well-
being of horses in competitive racing environments [20,21,22].

Machine Learning Modeling
Techniques

Machine learning models provide a sophisticated approach to
predicting horse racing outcomes by analyzing environmen-
tal factors and their interactions. Unlike traditional statistical
methods, machine learning algorithms can process vast
amounts of historical data and detect complex, nonlinear re-
lationships between variables such as track conditions, tem-
perature, humidity, and wind speed. These models help train-
ers, jockeys, and bettors make informed decisions by offering
data-driven insights into race performance. In this study, mul-
tiple machine learning algorithms were tested and evaluated
for their ability to predict race outcomes based on environmental
conditions. The models considered include Logistic Regression
(LR), Decision Trees (DT), K-Nearest Neighbors (KNN),
Naive Bayes (NB), Support Vector Machines (SVM), Random
Forest (RF), and AdaBoost (AdaB). Each model was assessed
based on key performance metrics, including accuracy, preci-
sion, recall, F1-score, and standard deviation, to ensure relia-
bility and stability across various race scenarios. These mod-
els differ in their approach to handling data, and their effec-
tiveness varies depending on the complexity of environmen-
tal influences in horse racing [19,23].

Model Selection and Training
The selection of machine learning models was based on their
ability to process both categorical and numerical variables while
capturing the effects of changing environmental conditions.
Each model presents unique advantages and limitations when
applied to horse racing predictions. The following sections pro-
vide a detailed discussion of the strengths and weaknesses of
each algorithm in the context of environmental factor mod-
eling [23,24,25,26].
Logistic Regression (LR): Logistic Regression is a simple yet
effective classification algorithm widely used for predicting prob-
abilities in binary and multi-class classification problems. In
the context of horse racing, LR was employed to estimate the
likelihood of a horse winning, placing, or failing to perform well
based on environmental conditions such as temperature, hu-
midity, and track surface.

+ Decision Trees (DT): Decision Trees provide an intuitive
method for modeling environmental factors in horse rac-
ing by breaking down decision-making into a series of if-
then rules. The algorithm recursively splits the dataset based
on the most important features, forming a tree-like struc-
ture that classifies outcomes.

+  K-Nearest Neighbors (KNN): K-Nearest Neighbors is a dis-
tance-based classification algorithm that predicts out-
comes by comparing a given race instance to its closest his-
torical counterparts. The model classifies a new race based
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on the most common outcome among its k-nearest neigh-
bors in the feature space.

+  Naive Bayes (NB): Naive Bayes is a probabilistic classification
algorithm based on Bayes’ theorem, which assumes that fea-
tures are independent given the class label. While this as-
sumption rarely holds in real-world scenarios, NB can still
provide fast and reliable predictions, particularly for cat-
egorical data such as track type and race season.

+  Support Vector Machines (SVM): Support Vector Machines
are powerful classification models that maximize the mar-
gin between different classes by finding an optimal decision
boundary in high-dimensional space. In horse racing, SVM
is particularly useful for handling nonlinear relationships
between environmental conditions and race outcomes.

*  Random Forest (RF) and AdaBoost (AdaB): Random
Forest and AdaBoost are ensemble learning techniques that
combine multiple weak learners to create a more accurate
and stable model. Random Forest consists of multiple De-
cision Trees that vote on the final prediction, reducing over-
fitting and improving generalization. AdaBoost, on the oth-
er hand, assigns adaptive weights to misclassified in-
stances, improving performance iteratively.

MATERIALS AND METHODS

Data Collection and Preprocessing

This study utilized a dataset consisting of 1367 race records,
compiled from various sources documenting horse racing
events. The dataset contained both categorical and numerical
variables, capturing key characteristics related to horse attributes,
race conditions, and environmental factors. These variables in-
cluded horse breed, age, gender, track type, race distance, sea-
son, climate conditions, and finishing time. The dataset was
structured to enable an in-depth analysis of how environmental
factors influence horse racing performance, allowing for the ap-
plication of machine learning techniques to develop predictive
models.

For training and evaluation, historical race data were pre-
processed to remove inconsistencies, missing values, and out-
liers. The dataset was split into training (70%), validation (15%),
and testing (15%) sets, ensuring that models were tested on un-
seen data to prevent overfitting. Hyperparameter tuning was
conducted using grid search and cross-validation techniques
to optimize model performance.

Data Cleaning and Handling Missing

Values

Before applying machine learning algorithms, it was essential

to clean and preprocess the dataset to ensure accuracy and con-

sistency. The following preprocessing steps were conducted:

1. Handling Missing Values: Missing data were identified and
addressed using imputation techniques. Numerical variables
such as temperature and humidity were replaced using mean
imputation, while categorical variables, including race
type and season, were imputed using the mode (most fre-
quent value). Cases where critical information was miss-
ing (e.g., incomplete race records) were removed to prevent
biases in model training.

2. Outlier Detection and Removal: Outliers in numerical vari-
ables (e.g., extreme finishing times) were detected using the
interquartile range (IQR) method. Values falling outside the
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Table 1 - Feature Encoding for Categorical Variables.
Variable Encoding Example

Horse Breed Thoroughbred: 1, Arabian: 2

Gender Male: 1, Female: 2

Track Type Dirt: 1, Turf: 2, Synthetic: 3

Season Winter: 2, Spring: 3, Summer: 1, Fall: 4
Distance Short (<1400m): 1, Medium (1600-2000m): 2,

Long (>2200m): 3

1.5XIQR range were considered anomalies and either re-
moved or adjusted through data transformations to main-
tain dataset integrity.

Encoding Categorical Variables

Machine learning algorithms typically require numerical in-
puts; therefore, categorical variables were converted into nu-
meric representations using label encoding and one-hot en-
coding where necessary. The feature encoding scheme is
shown in Table 1.

Track type, race season, and horse attributes were essential cat-
egorical features that required consistent encoding to ensure
the machine learning models could effectively interpret their
influence on race outcomes.

Feature Scaling and Normalization

Since numerical variables (e.g., temperature, humidity, race dis-
tance) had different ranges, feature scaling was applied to stan-
dardize the dataset and improve model performance. Min-Max
Scaling was used to scale values between 0 and 1, ensuring that
features contributed equally to model learning. The z-score nor-
malization method was also tested, but Min-Max Scaling yield-
ed better predictive stability across models.

Splitting the Dataset for Model
Training and Testing

To develop robust machine learning models, the dataset was
divided into three subsets:

Table 2 - Model Performance Comparison.

Model Accuracy Precision Recall
(%) (%) (%)

Logistic 46.6 45.2 43.9

Regression

(LR)

Support 46.8 46.0 44.7

Vector

Machine

(SVM)

Decision 30.8 28.3 29.5

Trees (DT)

K-Nearest 33.2 31.6 32.8

Neighbors

(KNN)

Naive 452 44.0 42.5

Bayes (NB)

Random 41.9 40.5 41.0

Forest (RF)

AdaBoost 46.0 451 44.2

(AdaB)

Training Set (70%) - Used to train models and learn un-
derlying patterns.

Validation Set (15%) - Used to fine-tune hyperparameters
and prevent overfitting.

Test Set (15%) - Used to evaluate model performance on
unseen data.

A stratified sampling approach was used to ensure that all en-
vironmental conditions were proportionally represented in the
training, validation, and test sets.

Performance Metrics and Model

Evaluation

To assess the predictive capability of different machine learn-

ing models, several performance metrics were used. These met-

rics provided insights into how well each model generalized to
new race data and handled environmental variations.

1. Accuracy: Accuracy was calculated as the proportion of cor-

rectly predicted race outcomes to the total number of pre-

dictions. This metric provided an overall assessment of mod-
el performance but was supplemented with additional met-
rics to account for imbalances in class distributions.

Precision & Recall:

+ Precision measured how many of the races predicted as
a certain outcome (e.g., win) were actually correct.

+ Recall evaluated how well the model captured actual pos-
itive cases (e.g., successfully identifying all winning
horses).

F1 Score: The F1 Score is the harmonic mean of precision

and recall, providing a balanced metric for cases where one

measure alone might be misleading. It was particularly use-
ful in situations where certain race conditions had fewer oc-
currences in the dataset.

Standard Deviation: To assess prediction stability, standard

deviation was used to determine how much model per-

formance varied across different environmental scenarios.

Models with lower standard deviation values were con-

sidered more stable and reliable in real-world race predic-

tions.

By using these evaluation metrics, the study ensured that ma-

F1 Standard Notes

Score Deviation

44.5 0.035 Consistent but struggles with
nonlinear data

45.3 0.037 Best performer with balanced
accuracy and stability

28.9 0.053 High variance, overfits data

32.2 0.048 Sensitive to feature scaling,
struggles with large datasets

43.2 0.038 Works well with categorical data

40.7 0.044 Moderate accuracy, stable but
computationally expensive

44.6 0.040 Good balance of accuracy and

generalization



Table 3 - Environmental Feature Importance Rankings.

Environmental Factor  Importance Score (%)

Track Condition 26.4
Temperature 21.8
Humidity 18.5
Wind Speed 14.2
Race Distance 11.7
Season 7.4

chine learning models were not only accurate but also gener-
alizable and robust under varying environmental conditions.
The next stage involved hyperparameter tuning and model op-
timization to further enhance predictive performance.

RESULTS AND DISCUSSION

This section presents the performance evaluation of machine
learning models applied to horse racing data, the impact of en-
vironmental factors, and the challenges in predictive model-
ing.

Model Comparisons

The effectiveness of different machine learning algorithms was
measured based on accuracy, stability, and adaptability to en-
vironmental variables. Table 2 summarizes the results.

SVM achieved the highest accuracy (46.8%), demonstrating its
strong performance in handling structured data with envi-
ronmental variables. In contrast, Decision Trees and KNN had
the lowest accuracy, indicating challenges in generalizing race
conditions. Random Forest and AdaBoost delivered moderate
results, but their computational complexity limited their
practical application in real-time scenarios [27,28,29].

Impact of Environmental Factors

To assess the influence of environmental factors on horse rac-
ing performance, a feature importance analysis was conduct-
ed using Random Forest. Table 3 presents the top environmental
factors affecting race outcomes.

Track condition was the most influential factor, emphasizing
the need for adaptive race strategies based on surface condi-
tions, as different surfaces affect a horse’s traction and stabil-
ity. Temperature and humidity had a combined effect, leading
to significant variations in horse endurance and speed, with
higher temperatures and humidity levels contributing to fatigue
and reduced performance. Wind speed proved to be particu-
larly impactful in longer races, where headwinds could reduce
performance by up to 4-6%, potentially altering race outcomes
[29,30,31]. These findings underline the importance of con-

Table 4 - Wind Speed and Performance Correlation.

Wind Speed (mph) Race Speed Reduction (%)

0-5 0.5%
6-10 2.3%
11-15 4.2%

16+ 6.5%
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Effect on Performance

Wet/muddy tracks slow down horses significantly

High heat reduces endurance and increases exhaustion risk

High humidity impairs cooling mechanisms, leading to slower race times
Headwinds reduce speed, tailwinds provide slight advantages

Longer distances amplify environmental impact

Performance varies across seasons, with summer races being most affected by heat

sidering environmental variables when planning and prepar-
ing for races in Table 4.

Optimal race performance occurred between 10-16°C, where
horses demonstrated their best speed and endurance [32]. As
temperatures rose above 27°C, race performance declined by
6-10%, with horses experiencing increased fatigue and reduced
efficiency. In extreme heat, particularly above 32°C, horses strug-
gled significantly, as the high temperatures caused stress, de-
hydration, and fatigue. In such conditions, horses required prop-
er hydration and tailored pacing strategies to maintain per-
formance and avoid overheating [33,34,35]. These findings high-
light the importance of managing environmental factors, es-
pecially temperature, to ensure that horses can perform at their
peak during races in Table 5.

Headwinds above 16 km/h (10 mph) significantly reduced horse
speeds, emphasizing the importance of factoring in wind con-
ditions when evaluating race performance [36]. Strong head-
winds create additional resistance, forcing horses to expend more
energy to maintain their pace, ultimately slowing them down.
This highlights the need for trainers, bettors, and race organ-
izers to carefully consider wind conditions when planning and
preparing for races, as they can have a substantial impact on
race outcomes [37,38].

The application of machine learning models in predicting horse
racing outcomes has shown promising results, with various al-
gorithms being tested for their effectiveness. Support Vector
Machines (SVM) have been noted for their strong performance
in handling structured data with environmental variables [39].
In contrast, Decision Trees (DT) and K-Nearest Neighbors
(KNN) have struggled with lower accuracy due to high vari-
ance and sensitivity to feature scaling. Gupta & Singh [19]
demonstrate how Random Forest and other algorithms can be
used to provide very high accuracy in their research with data
from the Turf Club of India. While code repositories exist for
horse race prediction, their reliability can vary [40]. The im-
pact of environmental factors such as track condition, tem-
perature, and humidity is also crucial, as they significantly af-
fect race outcomes. The legal use of machine learning for in-

Table 5 - Effect of Temperature on Race Times.

Temperature Average Performance
(\uOObOF) Race Time (s) Change (%)
50-60 108.2 Baseline (optimal)
61-70 109.6 -1.3% slower
71-80 112.3 -3.8% slower
81-90 115.1 -6.3% slower
91+ 118.7 -9.7% slower
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Table 6 - Comparison of different learning models by their advantages and disadvantages.

Model Advantages

Logistic Regression (LR)
and multicollinearity

Decision Trees (DT)
easy interpretation

K-Nearest Neighbors (KNN) Simplicity, captures localized trends

Naive Bayes

(NB) imbalanced data

Support Vector Machines
(SVM)

Random Forest (RF)

to outliers

AdaBoost

formed betting is generally permissible LegalAdviceUK [40],
though specific regulations may vary by jurisdiction. Overall,
machine learning offers a robust approach to predicting
horse racing outcomes, but challenges remain in handling com-
plex data and environmental variables [41].

Logistic Regression (LR) is interpretable and computational-
ly efficient, making it ideal for real-time predictions, but it as-
sumes linear relationships and struggles with outliers and mul-
ticollinearity. Decision Trees handle both numerical and cat-
egorical data well and are easy to interpret, though they tend
to overfit, requiring pruning or ensemble methods [42]. K-Near-
est Neighbors (KNN) is simple and captures localized trends
but is computationally expensive and sensitive to feature
scaling. Naive Bayes is efficient for small and imbalanced datasets
but struggles with interactions between variables [43]. Support
Vector Machines (SVM) capture complex decision boundaries
and are robust to outliers, but they are computationally ex-
pensive and sensitive to kernel selection. Random Forest and
AdaBoost perform well with high-dimensional datasets,
though they require more resources and are less interpretable
[44,45]. While simpler models like LR and Naive Bayes are fast
and interpretable, advanced models like SVM, Random For-
est, and AdaBoost provide better predictive performance. Fu-
ture improvements could involve integrating real-time weath-
er data and optimizing hyperparameters [46, 47,48,49,50]. The
comparison of methods is given in Table 6.

Conclusion

The findings of this study highlight the critical role that envi-
ronmental factors play in horse racing performance and the po-
tential for machine learning to enhance predictive capabilities
in this domain. By analyzing race data with various machine
learning models, we observed that track conditions, temper-
ature, humidity, and wind speed significantly influence race out-
comes. The Support Vector Machine (SVM) algorithm per-
formed best in terms of predictive accuracy and stability, un-
derscoring the effectiveness of nonlinear classifiers in model-
ing complex interactions between environmental factors and
racing performance. However, while machine learning provides
valuable insights, its implementation in real-world horse rac-
ing scenarios still requires further refinement and integration

Interpretability, computational efficiency

Handles numerical and categorical data,

Efficient with small datasets, works well with

Captures complex decision boundaries, robust

Excels with high-dimensional datasets, robust

Strong classification performance with fewer trees

Limitations

Assumes linear relationships, struggles with outliers

Tends to overfit, requires pruning or ensemble
methods

Computationally expensive, sensitive to feature
scaling

Independence assumption limits interaction
capture

Computationally expensive, sensitive to
kernel choice

Requires more computational resources, less
interpretable

Requires more computational resources, less
interpretable

with real-time data streams.

One of the key takeaways from this research is the importance
of adapting race strategies based on environmental conditions.
The strong influence of track conditions suggests that differ-
ent horses may perform optimally under specific surface
types, making it essential for trainers and jockeys to tailor their
preparation accordingly. Similarly, the impact of extreme
temperatures on performance emphasizes the need for hy-
dration strategies, pacing adjustments, and possible schedule
modifications for races held in hotter climates. Given that wind
resistance can have a measurable effect on speed, especially in
longer races, understanding wind patterns and their implica-
tions should be factored into race-day decisions to improve com-
petitiveness.

Despite the promising results obtained through machine
learning models, several challenges remain that must be ad-
dressed in future research. One of the most significant limi-
tations is the variability and unpredictability of environmen-
tal conditions, which makes it difficult to create a fully gener-
alizable model. The models developed in this study relied on
historical data, which means they might not always be adapt-
able to sudden shifts in weather patterns or track conditions.
To overcome this, future studies should integrate live weath-
er feeds and real-time track updates into predictive frameworks,
allowing for dynamic adjustments in model predictions. Ad-
ditionally, more sophisticated ensemble learning techniques
could be explored to improve predictive accuracy and stabil-
ity across different racing environments.

Another limitation of the study is the exclusion of certain non-
environmental factors that could significantly influence race
outcomes. Variables such as jockey experience, horse training
regimens, injury history, and genetic traits play an essential role
in performance but were not fully incorporated into the mod-
eling process. Future research should focus on combining en-
vironmental and physiological data to create more compre-
hensive predictive models. For instance, integrating biometric
data, such as heart rate variability and stride efficiency, could
provide deeper insights into how horses respond to environ-
mental stressors and fatigue levels during races. Additionally,
incorporating machine learning techniques such as rein-
forcement learning could allow models to continuously adapt
and refine predictions based on live race conditions.

The implications of this study extend beyond predictive ana-



lytics and betting strategies; they also offer valuable insights for
improving racehorse welfare and ensuring the sustainability of
horse racing as an industry. With climate change expected to
bring more extreme weather conditions, it is imperative that
race organizers implement adaptive measures to protect both
horses and jockeys. This could include modifying race sched-
ules based on temperature forecasts, improving track drainage
systems to mitigate the effects of heavy rainfall, and investing
in alternative track materials that minimize injury risks. Ma-
chine learning models could also assist regulatory bodies in
monitoring race conditions and making data-driven decisions
regarding race safety protocols.

The future of machine learning in horse racing is promising,
but it requires collaboration between researchers, trainers, vet-
erinarians, and industry stakeholders to maximize its poten-
tial. By leveraging advanced data analytics, the industry can tran-
sition toward a more scientific and evidence-based approach
to training, race strategy, and risk assessment. As models be-
come more sophisticated and real-time data integration im-
proves, the predictive accuracy of race outcomes will likely in-
crease, benefiting trainers, bettors, and horse welfare advocates
alike. Continued research and innovation in this space will not
only enhance competitive strategies but also ensure the
longevity and ethical sustainability of the sport in an increas-
ingly unpredictable environmental landscape.
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