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Abstract: This paper constructs a medal count prediction model based on historical Olympic data, utilizing the Random Forest
algorithm to model nonlinear relationships within complex datasets. First, the raw data undergoes feature selection and
correlation analysis to extract key input features from variables such as athlete potential, host country factors, number of events,
historical medal records, and gender. The statistical correlations among these features are verified using a correlation matrix.
Building on this foundation, multiple training subsets are generated using Bootstrap sampling. A Random Forest prediction
model is constructed through a multi-decision tree ensemble mechanism, and model parameters are optimized by adjusting the
number of nodes and decision trees. To validate the model’s performance, multi-layer perceptron, multiple linear regression, and
support vector regression models are also constructed for comparative experiments. Comprehensive evaluation is conducted
using metrics such as mean squared error, root mean square error, mean absolute error, and coefficient of determination. The
experimental results indicate that the Random Forest model outperforms the other models in terms of prediction accuracy and
stability. It effectively captures the nonlinear characteristics within complex data and achieves accurate predictions of medal
distributions, demonstrating good generalization ability and practical value.
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model construction, key feature variables are introduced and
combined with correlation analysis to optimize the input data,

1. Introduction

In complex data environments, how to effectively predict ~ thereby improving the model’s ability to identify critical
future outcomes using information from multiple sources has 1nf0r.rna.tlon.[l]. o
become a key research focus in the fields of data analysis and Wlthm thlS. framework, a predictive model was COHSU’UCFCd
intelligent computing. As the scale and structural complexity using Olympic medal data as an example, and compz'lratlve
of data continue to increase, traditional modeling methods analyses were conducted using methods such as multi-layer
based on single linear relationships often struggle to produce perceptrons, multlple linear regression, and support vector
stable and accurate predictions when dealing with data  regression. Experimental results indicate that this model
characterized by multiple variables and pronounced nonlinear achle.ves' superior prqdlgtlve performarTCF: in  complex
features. Consequently, machine learning models capable of multivariate data prediction tasks, providing a valuable
simultaneously handling multidimensional features and modeli.ng approach for predictive problems in similar data
capturing complex relationships have gradually emerged as scenarios.

essential tools in data prediction research.
In related research, linear regression models have been

2. Data Preprocessing Method Based

widely applied to data relationship analysis due to their on Feature Selection and Correlation
simple structure and interpretability; however, their reliance Ana|ySiS
on the assumption of linearity between variables limits the
model’s adaptability to data with complex structures. 2.1. Feature Selection
Meanwhile, although neural network models possess strong To improve the effectiveness and reliability of the medal
nonlinear fitting capabilities, they are prone to training prediction model, it is essential to identify informative input
instability or difficulties in parameter tuning when sample variables from the available dataset. Therefore, feature
sizes are limited or feature structures are complex. selection is conducted to determine the variables that
Furthermore, methods such as Support Vector Regression significantly influence Olympic medal outcomes [2].
(SVR) offer certain advantages when handling high- The dataset contains multiple attributes describing athletes
dimensional features, but the selection of model parameters and competitions, including competition year, country of
and kernel functions often significantly impacts predictive origin, athlete ranking score, medal counts (gold, silver, and
performance. bronze), total medals, host country information, and the
To address these issues, this paper proposes a prediction number of competition events. These attributes provide
model framework centered on Random Forests, which important information for modeling medal distributions.
effectively captures complex data relationships through an From the perspective of athletic performance, age is a key
ensemble learning mechanism. This method generates factor affecting competitive outcomes. Athlete performance
multiple training subsets via Bootstrap sampling and employs typically increases during the early stages of a career, reaches
a multi-decision tree structure for ensemble prediction, a peak period, and gradually declines afterward. Based on this
thereby enhancing model stability and generalization observation, athletes participating in two Olympic Games are
capabilities while reducing the risk of overfitting. During regarded as elite competitors with strong medal-winning
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potential. Athletes participating in three or more Olympic
Games are considered to have relatively declining physical
performance, whereas athletes participating in only one
Olympic Games are regarded as potential competitors with
future development potential.

The country of origin may also influence athlete
performance due to environmental familiarity and audience
support. When a country hosts the Olympic Games, its
athletes may benefit from a host advantage, which can
positively affect medal outcomes. Furthermore, the number of
competition events directly influences medal distribution, as
more events increase the opportunities for medal acquisition.

Gender is also considered as an important feature variable.
Physiological characteristics, training environments, and
participation structures differ across populations, which may
lead to different performance patterns across sports events. In
addition, historical medal counts are incorporated as an
important feature since previous achievements often reflect
the long-term competitiveness of a country in international
sporting competitions.

2.2. Correlation Analysis

After identifying candidate features, correlation analysis is
conducted to evaluate the relationships among the selected
variables and to verify the rationality of the feature selection
process. The correlation coefficients between variables are
calculated and visualized using a heatmap.

Figure 1 illustrates the correlation coefficient matrix of the
selected features. The heatmap clearly reveals the strength of
dependencies among the variables and provides insights into
their influence on medal prediction. Features with stronger
correlations generally indicate higher statistical relevance and
stronger predictive potential.

The correlation analysis confirms that the selected
variables exhibit meaningful relationships consistent with the
characteristics of Olympic competition data. These findings
provide a reliable foundation for subsequent machine learning

model construction.
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Figure 1. Feature Correlation Heatmap

3. Random Forest-Based Medal
Prediction Model Construction

3.1. Random Forest Principle

Random Forest is an ensemble learning algorithm proposed
by Breiman that combines bootstrap aggregation and random

feature selection to construct multiple decision trees. By
aggregating predictions from multiple trees, the model
effectively captures nonlinear relationships within complex
datasets and improves prediction accuracy.

In the Random Forest framework, each decision tree is
trained using a bootstrap sample drawn from the original
dataset. At each node of the tree, a random subset of features
is selected for splitting. This mechanism introduces diversity
among trees and significantly reduces the risk of overfitting,
thereby enhancing the generalization capability of the model.

The number of decision trees and the number of candidate
features selected at each split are two important parameters
that strongly influence model performance. Proper parameter
selection helps achieve a balance between model complexity
and predictive accuracy [3].

3.2. Model Construction

(1) Data Preparation

To estimate the total number of medals obtained by each
country, the numbers of gold, silver, and bronze medals are
first predicted separately and then aggregated to obtain the
total medal count.

The input data used in the Random Forest model include
historical medal statistics, host country indicators, event
information, and other relevant variables. After feature
extraction and preprocessing, the final input variables used in
the model are Potential, Host, Events, HistMedal, and Gender.

Bootstrap sampling is applied to generate multiple training
subsets. The dataset is divided into training, validation, and
test sets with proportions of 70%, 15%, and 15%, respectively.
This process is repeated K times to generate K sub-

training datasets denoted as Sl, 52 yeens Sk .

(2) Parameter Selection

Two key parameters must be determined when constructing
the Random Forest model: the number of candidate features
selected at each node and the number of decision trees in the
forest.

The number of candidate features selected at each split
should not exceed the total number of input variables. After
determining the candidate feature size, the number of decision
trees is adjusted to ensure stable model performance while
avoiding overfitting or underfitting.

(3) Feature Importance Evaluation

To evaluate the importance of each input feature, the
weighted variance reduction criterion is adopted within the
Random Forest framework.

For a regression tree with node N ,

N is defined as

the variance of node

=—Zm -Y)? 1)

keN
where C represents the sample size and Y, denotes the

output value.
The impurity reduction after splitting node N using

feature | can be expressed as

C C
0'2(|,N)=O'2—(El(712+€20'22) 2)

where C, and C, represent the sample sizes of the two

child nodes, and 0'12 and 022 denote their corresponding

variances.



The importance of each feature is determined by the
magnitude of impurity reduction it produces during tree
construction. Features generating larger impurity reductions
contribute more significantly to the predictive performance of
the model.

3.3. Result Analysis

Model parameters are determined through iterative
experimentation. Different combinations of node sizes and
numbers of decision trees are evaluated to identify the
configuration that maximizes prediction accuracy.

Figure 2 illustrates the relationship between model
parameters and the explained variance. The results show that
when the node size is set to 4, the explained variance is higher
than when the node size is set to 2 or 3. Therefore, the optimal
node size is determined to be 4.
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Figure 2. Parameter Sensitivity of Random Forest
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Figure 3. Random Forest Medal Prediction Results

When the number of decision trees is set to 700, 800, and
900, the explained variance values remain relatively stable.
Considering  computational  efficiency and model
interpretability, the number of trees is ultimately set to 700.

Using the optimized parameters, the Random Forest model
is applied to the processed dataset to generate medal
predictions. Figure 3 illustrates the predicted medal
distribution results.

The results indicate that the Random Forest model provides
stable and accurate predictions of medal outcomes,
demonstrating its effectiveness in modeling complex
relationships within Olympic competition data.
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4. Construction of Multiple Machine
Learning Prediction Models

4.1. Multilayer Perceptron Model

To further evaluate the performance of different machine
learning approaches, a Multilayer Perceptron (MLP) model is
constructed for Olympic medal prediction.

The sigmoid activation function is adopted to facilitate
gradient computation and improve the convergence behavior
of the neural network. The input variables of the MLP model
are consistent with those used in the Random Forest model,
including Potential, Host, Events, HistMedal, and Gender [4].

The prediction error of the neural network is defined as

Loss = (y - §)? (3)
where Y represents the true value and }7 denotes the
predicted value.

The optimization objective of the model is to minimize the
total loss across all training samples:

N
min )" Loss,
i=1
Based on the neural network structure, the output of the
hidden layer can be expressed as
+b; J

m n
Loss=|y —Zwkja(Zvjixi
=1 i-1

The parameters that require optimization include the
weight matrices V and W, as well as the bias term b .
Gradient backpropagation is used to update the parameters.

The gradient of the loss function with respect to the
parameters is

“)

2

®)

oLoss N '
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To improve computational efficiency, stochastic gradient

Q)

descent (SGD) is adopted. Let 0 represent the parameters to
be optimized. The iterative update rule is

oLoss

6,.,=6, -nd. whered, = =V(@) )

The iterative process continues until the loss function
converges to a stable minimum, thereby completing the
training of the MLP prediction model.

4.2. Multiple Linear Regression Model

To further analyze the relationships between explanatory
variables and Olympic medal outcomes, a Multiple Linear
Regression (MLR) model is established. This model describes
the linear relationship between medal counts and several
explanatory variables obtained from the feature analysis stage

[5].
Let

of gold, silver, and bronze medals obtained by country | at
Olympic Games t. The regression models are defined as

y gold + B Xy + BoXio + PoXia + B Xis + €

medal,i,t /~'0

Yrizﬁz{,i,tﬂo + B X+ Bo Xy + B Xz + B Xis + & (8)
Yrr?ergglz?tﬂo + B X+ BoXig + B Xz + B XKips + &

The total medal count can therefore be expressed as

Ytotal . Yegold Ysilver . Y bronze
medalbt " medal it + medal'bt + medalb

Y bronze
medal,i,t

Y silver

medal,i,t >

Y gold

medal.it > denote the numbers

and

)



where ﬁo represents the intercept term, ﬂl,ﬂzyﬂ3,ﬂ4

denote regression coefficients, and &; is the random error

term.

The regression coefficients quantify the strength and
direction of the relationships between explanatory variables
and medal outcomes. The model therefore provides an
interpretable baseline for Olympic medal prediction.

4.3. Support Vector Regression Model

Support Vector Regression (SVR) is employed to capture
nonlinear relationships between input variables and medal
outcomes. The SVR model constructs an optimal regression
function by minimizing model complexity while maintaining
prediction accuracy [6].

The optimization objective of the SVR model can be
formulated as

min ypo Wl oo lvi— W+ B <& (10)

where W represents the weight vector, b denotes the

bias term, and & defines the allowable prediction error
margin.

To account for samples located outside the & -insensitive
region, slack variables are introduced, resulting in the
following optimization objective:

(11)

To model nonlinear relationships, a kernel function is used

. 1
min,,,, > |w|* +loss

to map the input space into a higher-dimensional feature space.

The regression functlon can therefore be expressed as

Fx)a Q(\)+bZa1 Q)(x) Q(\)+bZa1 Klxx)+b (12)

where @(X) denotes the feature mapping function and
K (X, Xi) represents the kernel function.

5. Performance Evaluation of
Prediction Models Based on Multiple
Metrics

Four machine learning models are constructed to predict
Olympic medal distributions: Random Forest, Multilayer
Perceptron, Multiple Linear Regression, and Support Vector
Regression.

During the model training process, the dataset is divided
into training and testing subsets. Model performance is
evaluated using several standard regression metrics, including
mean squared error (MSE), root mean squared error (RMSE),
mean absolute error (MAE), and the coefficient of
determination R?Z.

Figure 4 illustrates the performance comparison among the
four models. The Random Forest model consistently achieves
lower prediction errors and higher R? values than the other
models, indicating superior predictive performance.

Based on the Random Forest prediction results, the United
States is expected to obtain approximately 135 medals in the
next Olympic Games, including 44 gold medals, 48 silver
medals, and 43 bronze medals. These findings demonstrate
the effectiveness of ensemble learning methods in modeling
complex Olympic medal distributions.
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Figure 4. Performance Comparison of Prediction Models

6. Regression-Based Modeling of Event
Contribution

The distribution of Olympic medals is closely related to the
number and types of events in which a country participates.
To quantify the contribution of different sports events to
medal outcomes, a regression-based event contribution
analysis is conducted.

Let Pgold Psnver

medal,c,k > medal,c k >
numbers of gold, silver, and bronze medals obtained by
country C inevent K .The total medal counts can be written
as

P bronze

medal c k  denote the

and

Pbronze

medal’
(13)

Let N, denote the number of events in category K . The

chk 1 cmk 1

silver
P le’YbronzeCZk 1

gol medal ,Ck sﬂve medal’

event weight is defined as

N,

W, —
2N,
k=1

Using these weights, the total medal count for country ©
can be modeled as

m
Ymedals,cﬂo + Z ﬂk Pmedal,c,ka
k=1

where [f3, represents the intercept term, [, denotes the

(14

(15)

contribution coefficient of event K , Pmedamk represents the

medal count obtained in event K, and W, denotes the

weight of the corresponding event.

Figure 5 presents the regression analysis results identifying
key sports events for different countries. The results highlight
the events that contribute most significantly to national medal
performance and reveal event specialization patterns among
participating countries.
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Figure 5. Contribution of Olympic Events to Medal Distribution

7. Conclusions

This paper focuses on the problem of predicting the number
of Olympic medals and constructs a prediction model based
on the Random Forest algorithm, which is then compared
with Multi-Layer Perceptrons, Multiple Linear Regression,
and Support Vector Regression models. Through feature
selection and correlation analysis, key features are extracted
from variables such as athlete potential, host country factors,
number of events, historical medal records, and gender, and a
data-driven prediction model is constructed based on these
features. The model utilizes Bootstrap sampling and multi-
decision tree ensemble mechanisms to enhance its ability to
capture complex data relationships. Through parameter
experiments, optimal structural settings were determined; for
instance, the model performed stably when the number of
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nodes was set to 4 and the number of decision trees was
approximately 700. Experimental results indicate that the
Random Forest model outperforms other models in metrics
such as mean squared error, root mean square error, and
coefficient of determination, and is capable of accurately
capturing the distribution characteristics of Olympic medals.
For example, the model predicts that the United States will
win approximately 135 medals at the next Olympic Games,
including 44 gold, 48 silver, and 43 bronze medals. Future
research could further incorporate additional data features and
optimize the algorithm structure to enhance the model’s
predictive performance.
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