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Abstract

This paper develops a model to predict the medal distribution at the 2028 Los Angeles Olympics. Combining historical
data and external factors, it utilizes Random Forest (RF) for feature selection and a Backpropagation (BP) neural network
for prediction. The RMSE is 0.381613, and R? is 0.61. The prediction shows that the US will lead the medal table, Canada
will improve its performance, and the Netherlands may decline. It identifies potential medal-winning countries, such as
Bangladesh, for the first time. Spearman correlation, K-means++ clustering, chi-square test, and PLS regression analyze
the impact of host country events; sailing and other events show high correlation. Welch's t-test verifies that excellent
coaches significantly improve medal performance for Japan and the US, but not for Canada. The paper suggests that the
IOC optimize athlete experience, event selection, and coaching resources. The model is accurate but limited by historical
data; incorporating dynamic factors is needed for improvement.
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1. Introduction
1.1 Research Background and Significance

As the most influential multi-sport event globally, the Olympic Games' medal distribution reflects not only the differences
in sports performance among countries but is also influenced by macro factors such as economy, society, population, and
geopolitics. With the rapid development of big data and Al technologies, research on Olympic medal prediction based on
machine learning algorithms has emerged as a key topic in sports management and decision-making. This study combines
historical Olympic data from 1896 to 2024 and external variables, such as athlete participation, event scale, and coaching
resources. It uses the Random Forest algorithm for feature selection and a Backpropagation neural network to build a
prediction model for the 2028 Los Angeles Olympics. The model's RMSE is 0.381613, and R? is 0.61. The prediction
shows that the US will continue to lead the medal table, Canada will improve, and the Netherlands may decline. It also
identifies potential first-time medal-winning countries, such as Bangladesh M'PI3I4 - Furthermore, through Spearman
correlation analysis, K-means++ clustering, chi-square test, and partial least squares regression, the study explored the
impact of host country event selection on medal performance, revealing a high correlation for events like sailing. Welch's
t-test further validated the significant role of excellent coaches in improving medal performance for Japan and the USA,
while no significant change was observed for Canada BI®), The theoretical and practical significance of this research lies
in providing scientific evidence for the IOC and national sports organizations to optimize resource allocation, emphasizing
athlete experience accumulation, event strategy selection, and rational allocation of coaching resources to enhance overall
athletic performance. Although the model relies on historical data and may be affected by unforeseen events such as
pandemics, incorporating dynamic factors like real-time economic indicators can further enhance prediction robustness,
promoting a shift from empirical to data-driven sports forecasting 181,

1.2 Current State of Research (Domestic and International)
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Research on predicting Olympic medal outcomes has developed into a relatively mature field both domestically and
internationally. Early models primarily relied on linear regression analysis using economic and social indicators, while the
introduction of machine learning methods in recent years has significantly improved prediction accuracy. Abroad,
Schlembach et al. proposed a two-stage model based on random forest, using socio-economic data from 206 countries
from 1991 to 2020 to predict Olympic medal distribution, achieving an accuracy approximately 20% higher than the
traditional Tobit model, and quantifying the impact of COVID-19 on the 2020 Tokyo Olympics [!l. Condon et al. used
neural networks to predict national success rates in the Summer Olympics as early as 1999, considering macro-political,
economic, and social variables, laying the foundation for neural networks in sports forecasting ). Bernard and Busse,
analyzing data from 1960-1996, found that GDP was the primary predictor of total medals, with host countries gaining an
additional 1.8% share, emphasizing the role of government resource mobilization [7l. Singleton et al. studied the home-
field advantage in the Olympics from 1896 to 2016, finding that host countries in the Summer Olympics increased their
medal share by about 2 percentage points, but this effect diminished with globalization ®l. Regarding coaching effects,
Cook et al. quantified the psychological characteristics of Olympic swimming coaches, finding that top coaches
significantly outperformed others in terms of agreeableness, emotional awareness, and management !'%; Olusoga et al.
explored coping strategies of Olympic coaches under pressure, emphasizing the positive impact of psychological control
and team support ']; another systematic review by Cook et al. analyzed 25 studies, identifying the positive or negative
effects of coach traits, states, and behaviors on athlete performance, such as the positive effects of high task orientation
and emotional regulation 1%,

Domestic research focuses more on data integration and empirical analysis of specific effects. Zhang Zhi et al. used four
models (Random Forest, BP Neural Network, XGBoost, and SVM) to predict Olympic medals for 2028, categorized
countries into four groups using K-means clustering, and quantified coaching effects using Bayesian linear regression,
predicting 57 gold medals for the US 2. Gao Yuyang combined AHP, Random Forest regression, and K-means clustering
to predict 2028 medals and explore national sports strengths, with a model MSE of 2.81 and R? 0f 0.994 1. Zhang Shanfei
and Yang Qian used a TOPSIS-Entropy Weight-Random Forest model to assess Olympic competitiveness, with a
prediction error of less than 5% 4. Li Nan et al. proposed a hybrid model integrating ARIMA, logistic regression, and
Random Forest to predict 46 gold medals for the US in 2028 and evaluated the "dark horse effect" and "great coach" impact
(5], While these studies are innovative in methodology, they still face limitations in data dynamism; future research needs
to strengthen real-time factor integration to improve model applicability [©.

2. Model Construction
2.1 Assumptions and Symbols

For the model to be valid and coherent, there is a need for assumptions and notation to be well described in medal prediction
literature. The following assumptions have been applied for analysis: First, the provided data, like the total number of
medals achieved by each country over the years, is regarded to be complete and accurate with no missing or erroneous
records. Secondly, it is regarded that the rules, athletes, and countries that will participate in the 2028 Olympics will exhibit
the pattern of the 2024 Olympics, but with no significant difference. Thirdly, it is regarded that competitors' tactics do not
influence athletes' strategies in competitions. With these assumptions, the model provides a steady foundation on which to
follow for future predictions and computation. In notation, a set of well-interpreted variables was used in order to display
the determinants of the medal count, as provided in Table 1.

Table 1: Used Symbol

Symbols Description

AP Athlete Performance: Total medals won by the country's athletes.

oC Olympic Committee: Country's Olympic organization.

AE Athlete Experience: Number of Olympic participations.

PS Population Size: Total population of the country.

EC Economic Capacity: Economic output of the country.

HO Hosting Status: Whether the country is hosting the Olympics.

VIP Variable Importance in Projection: Contribution of each variable in the model.
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PC Principal Components: Key dimensions from PCA.

2.2 RF Variable Weight Assessment

The model uses a Random Forest (RF) model to check for the weight of the variables that influence medal count. The
model also assumes various factors influence medal count including National Olympic Committee (OC), population size
(PS), economic capacity (EC), neighboring countries (AC), athlete experience (AE), athlete performance (AP), athlete age
(AA), athlete gender (AG), host status (HO), and newly introduced sports (NS). The contribution of each variable to
reducing uncertainty in the target variable is measured using information gain (IG).

The calculation of variable weights is based on information gain, using the following formula:

Dataset entropy calculation formula:
Y

Entropy(D) = — X pilog: (M
k=1
This formula quantifies the uncertainty or disorder of the dataset D, where  p, represents the proportion of samples

belonging to class k, and Y is the total number of classes. A higher entropy value indicates greater uncertainty in the dataset.

1G(D, X, ) = Entropy(D) - Entropy (D | X ) @)
This formula calculates the information gain of variable X; on dataset D, which represents the reduction in entropy

after splitting the data using X, . Entropy (D | X j) is the weighted average entropy of the resulting subsets, used to
evaluate the importance of the variable. Decision tree node information gain formula:

n

; S,
Gy = Entropy(D) — ;—1 % ‘Entropy (Sk ) A3)

This formula calculates the information gain of node q in the i-th decision tree, where S, is the subset after splitting, and

|Sk | is the number of samples in that subset. This value is used to calculate the overall weight of variable X ; on average.

Training Sampling

Sample 1 Sample 2 Sample 3 Sample n
P ® e o

Class 1 Class 2 Class 3 Class n

( Selecting the best Class )

Figure 1: RF model Schematic
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The RF model structure is shown in Figure 1. By analyzing the information gain of multiple decision trees, the weights of
each variable were determined, and the results are summarized in Table 2. Among these variables, athlete performance
(AP) had the highest information gain (0.391924), while hosting status (HO) had the lowest (0.010891), indicating
significant differences in the contribution of different variables to medal prediction.

Table 2: Information Gain of Selected Variables

Component Variable Information Gain
1 AP 0.391924
2 oC 0.105588
3 AE 0.084164
4 PS 0.035979
5 EC 0.021573
6 HO 0.010891

2.3 BP Neural Network Prediction

This analysis uses a Backpropagation (BP) neural network for medal count prediction. A BP network is a feedforward
neural network, consisting of an input layer, one or more hidden layers, and an output layer, with neurons in each layer
connected by weights. During training, the weights are updated through backpropagation to minimize the error between
the predicted and actual values. The prediction process involves the following formula:

z= Z wX; +b “4)
=)

Where w, is the weight of the j-th input, x; is the input value, and b is the bias term, used in the forward propagation

process.

Sigmoid activation function:

: 5)
1+ e~

This formula represents the activation function of a neuron, which maps the weighted sum 'z' to a value between 0 and 1,
thus enabling the handling of non-linear relati’on]%hips. Mean squared error loss function:
(D _ 0

L= yhoy
]—V;( e i) ©)

This formula quantifies the error between the predicted value (y_pred) and the actual value (y_true), where N is the number
of data points, and is used to minimize the error during the training process. Weight update rule:

y=0(2)=

ww-nd, § _OL (7

J J J J ow

J
Here, n represents the learning rate, and 6]. is the partial derivative of the loss function with respect to the weight w; ,

used to adjust the network weights to minimize the error.
The input layer receives features such as historical medal counts, economic indicators, and population size. Through
forward propagation, it calculates the weighted sum and applies an activation function. The output layer predicts the

number of medals for each type (gold, silver, bronze, and total). During training, the error is calculated using mean squared
error, and backpropagation adjusts the weight until the error is minimized. The network architecture is shown in Figure 2.
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Figure 2: BP model Schematic

3. Model Results and Predictions
3.1 Accuracy Assessment

The analysis evaluates the model's accuracy and reliability using key performance indicators, focusing on the analysis of
prediction errors. Root Mean Squared Error (RMSE) and the coefficient of determination (R?) are used as the primary
evaluation metrics.

The accuracy assessment involves the following formulas:

N

1
RMSEz\/NZ (v, =3, P (8)
n=1

This formula measures the average magnitude of the error between the predicted value (), ) and the actual value ( ,),
and is expressed in the same units as the target variable. A smaller value indicates a more accurate model prediction. R-
squared (R?):
N
2
(y w Y )
1

R =1- 15 &)

2 (3 =)

Here, )} represents the meaning of the actual values. A value close to 1 indicates that the model captures most of the
variance. RMSE reflects the average magnitude of the error between predicted and actual values, and is sensitive to larger
errors. R? measures the proportion of variance in the target variable explained by the model; both metrics together assess

the model's generalization ability to unseen data. The performance metrics for the training and test datasets are shown in
Table 3, and the training results are illustrated in Figure 3.

Table 3: Performance Metrics for Training and Testing Datasets

Metric Training Dataset Testing Dataset
RMSE 0.381613 6.205
R? 0.61 0.66
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Figure 3: the Display of BP Neural Network Training Effect

As shown in Figure 3, with an RMSE 0f 0.381613 and an R? 0f 0.61, the model demonstrates high accuracy in predicting
medal outcomes for the 2028 Olympic Games.

3.2 Medal Prediction

The analysis uses the developed model to predict the medal count for each country at the 2028 Los Angeles Olympic
Games. The results show that the United States is projected to lead with 121 medals, including 45 gold, 38 silver, and 37
bronze medals, followed by China and France with 78 and 42 medals, respectively. The Random Forest (RF) model
identified historical medal count (AP), host status (HO), and National Olympic Committee (OC) as key influencing factors,
supporting the US's projected dominance based on its historical performance and home-field advantage. The predicted
data are summarized in Tables 4 and 5. Further comparison of the top ten countries in 2024 and 2028 shows that Canada
rose from 12th to 4th, benefiting from logistical advantages of being close to the host country, the US; South Korea and
Italy saw slight declines in ranking, possibly reflecting changes in competition or performance. These predictions provide
data support for Olympic strategic planning.

Table 4: Predicted Medal Counts for the 2028 Los Angeles Olympics

Country Predicted Gold Predicted Silver Predicted Bronze Predicted Total
United States 45 38 37 121
China 29 24 25 78
France 14 15 12 42
Canada 12 11 12 35
South Korea 10 9 9 28
Japan 10 9 8 27
Italy 10 9 6 25
Australia 9 8 8 25
Germany 8 7 6 21
Netherlands 5 5 5 15
Great Britain 5 4 4 13
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Table 5: Comparison of 2024 and 2028 Rankings for Top 10 Countries

Country | USA CHN FRA CAN KOR JPN ITA AUS GER NED
2024

Rank 1 2 5 12 8 3 9 4 10 6
2028

Rank 1 2 3 4 5 6 7 8 9 10

3.3 Reliability Testing

Analysis of the data revealed significant differences in the predictive accuracy of the BP neural network model across
different countries. The model performed better for countries with extensive participation experience and a wide variety
of events. To verify this difference, we compared the error rates of the United States and Mexico. The error rate for the
United States rarely exceeded 20%, while that for Mexico could exceed 200%, as shown in Figure 4. This difference is
attributed to the fact that countries with limited participation history are more susceptible to fluctuations in event outcomes;
this aspect will be further discussed in subsequent sections.
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Figure 4: Percentage Error for Predicted vs Actual Total Medals: USA (Left) vs Mexico (Right)

The reliability test shown in Figure 4 indicates that the model provides more stable predictions for countries with a history

of participation, while for new participating countries, incorporating more dynamic factors is necessary to improve the
overall prediction reliability.

4. Analysis of Influencing Factors

4.1 Prediction of Countries Winning Their First Medal

This analysis aims to identify countries that are likely to win their first Olympic medal in 2028. By analyzing historical
performance, economic indicators, population size, and athlete experience, the study explores potential changes in the
competitive global landscape. The goal is to predict the probability of winning the first medal by classifying the
characteristics of different countries using a statistical model. The prediction uses the following formula:

Logistic Regression Probability:

1
o (PorPriXiro 4, ) (10)

P(medal =1) = 1z

Here, X, represents independent variables such as population and economic indicators, and [3; is the coefficient used
to classify countries that have won their first medal.

Independent variables include National Olympic Committee (OC), population size (PS), economic capacity (EC), athlete
experience (AE), past performance (AP), geographical distance (AC), and hosting experience (HO). The model produces
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a probability from 0 to 1 to give likely medal-winning countries. The p-values and regression coefficients for the model
are shown in Table 6, and the model's estimated probabilities are shown in Table 7, from which it is identified that
significant likely candidates are Bangladesh, Kiribati, and Bolivia.

Table 6: Logistic Regression Coefficients and p-values

Variable Regression Coefficient p-value
ocC -0.016 0.000
PS -0.007 0.145
EC -0.035 0.000
AP 36.34 0.000
AE 11.235 0.732
HO 17.230 0.942
year 0.012 0.018
Table 7: Predicted Medal Probability for Selected Countries
Country Predicted Medal Probability
Bangladesh 0.536243
Kiribati 0.472144
Bolivia 0.325695

4.2 Impact of Host Country Event Selection

This section analyzes the impact of host country event selection on medal count. By applying Spearman's correlation
coefficient, we analyze the correlation of Olympic events and total medals won by a country and find the positive and
negative correlations and select the events with the strongest correlation for further analysis. The formula for calculating
Spearman's correlation coefficient is given by:

Spearman's Correlation Coefficient:

2

n(n* 1)
Here, d, represents the ranking difference, and 71 is the number of data points. This is used to analyze the relationship

between the number of medals and the overall ranking. The K-means++ clustering algorithm groups countries into two
categories based on the number of medals: a high-medals group and a low-medals group. The initial centroids are selected
using the following formula:

D(xi) = ming || xi — pllp (12)

This formula calculates the Euclidean distance between data point X; and the nearest cluster center LL, , which is used
for initial cluster center selection in K-means++. K-means objective function:

J=3> M x—p P (13)
i k 2

k=1ieC,
This formula minimizes the sum of squared distances between points and their cluster centers, where C, represents the
set of points in cluster k, and is used for medal count classification.

The chi-square test evaluates the relationship between host country status and medal count, and involves the following
formula:
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Expected frequency:

g _ (RowTotal) x(ColumnTotal) "
! GrandTotal

This formula calculates the expected frequency in a chi-square test, used to assess the independence between host country
status and medal count.

Chi-square statistics:

2 (O—Ey
_ 15
X =D - (15)

This formula calculates the deviation between the observed frequency (O) and the expected frequency (E), and is used to
test for a significant relationship between variables. Degrees of freedom:

d £=(r-1)(c-1)=1 (16)

Where r and ¢ represent the number of rows and columns, respectively.

The partial least squares (PLS) regression model captures the impact of event type and host country status on the number
of medals won, using the following formula:

PLS regression equation:

6
Total Medal ( standardized ) =B, + Y B, X; (17
=

Where X, represents independent variables, such as the type of event. The results include an analysis of the significance

of the event type.
Table 8: Significance Analysis of Events for Medal Counts

Event p-value
Diving (DIV) 0.0015
Water Polo (WPO) 0.0011
Mountain Bike (MTB) 0.0011
Football (FBL) 0.0005
Rhythmic (GRY) 0.0015
Trampoline (GTR) 0.0017
Sailing (SAL) 0.0004
Triathlon (TRI) 0.0017
Beach Volleyball (VBV) 0.0011

The results in Table 8 show that matches with a p-value below 0.05 are statistically significant, providing a basis for further
analysis.
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Figure 5: Heatmap of the Spearman correlation coefficients for France

Figure 5 shows the Spearman correlation coefficient; the intensity of the color indicates the strength of the correlation.
Events such as sailing (rs=0.688) show a significant positive correlation with the number of medals won.
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Figure 6: Medal Counts Distribution for US (a), Australia (b), Japan (c) after clustering

Figure 6 shows that countries are divided into two groups based on their medal count, highlighting the advantage of host
nations.

Table 9: Contingency Table for Host Country and Medal Count

Medal Status Host Country (1) Non-Host Country (0)
High Medal (1) A=6 B=25
Low Medal (0) C=0 D=49

As shown in Table 9, the contingency table data supports the analysis of the correlation between host countries and high
medal counts.
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Figure 7: VIP scores for different principal components

As shown in Figure 7, the VIP score chart indicates that sailing events have a significant impact on the number of medals
won.

Table 10: PLS Regression Coefficients for Total Medal Count (Standardized)

Variable Regression Coefficient
Constant 0

SAL 0.502

FBL 0.194

WPO 0.190

As shown in Table 10, the regression analysis results indicate that the coefficient for "sailing boats" is the highest (0.502),
demonstrating a significant impact.
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X Ié(e)irff‘lscsiie‘;)ri Standard Error t Value p Value
SAL 2.729 1.958 1.394 0.175
FBL 20.645 21.113 0.978 0.337
WPO 6.882 7.038 0.978 0.337

Table 11 shows that the regression coefficients of key variables further validate the impact of event selection. The results
indicate that the host country's choice of events has an indirect effect on the number of medals won, and that a strategic
approach should consider historical strengths in specific events.

4.3 Investigation of the Impact of Elite Coaches

This section analyzes the impact of elite coaches on medal count by comparing team performance before and after coach
changes, evaluating the significance of this effect. Welch's t-test is used to analyze the difference between the two groups,
which is suitable for situations where the sample variances are unequal. The following formula is used:

Welch t-test :

X —X,
t=—F——
(18)
Where X is the mean, S2 is the variance, and 71 is the sample size.
Welch degrees of freedom:
2
(& )
L_l + 2
n n
j— 2 ]7 2 o]
df =P (19)
TS R T
n,—1 n,—1

This formula calculates the degrees of freedom for the Welch t-test, which is suitable for comparing samples with unequal
variances.

Data preprocessing included collecting coach information, data cleaning, standardization, and grouping. The distribution
of average medal counts is shown in Figure 8. Hypothesis testing was conducted for Japan, the United States, and Canada,
and the t-test results are summarized in Table 12. The results show that Japan (p=0.008) and the United States (p=0.014)
exhibited significant improvements, while Canada (p=0.261) showed no significant change, indicating that the effect of
having excellent coaches varies by country.
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Figure 8: Average medal counts for the selected countries with and without Great Coach

Table 12: Welch's t-test Results for Medal Count Comparison

Country p-value t-value Mean (No Coach) Mean (Coach)
Japan (JP) 0.008 -2.927 18.27 33.75

United States

(USA) 0.014 -2.658 70.78 100.88
Canada (CA) 0.261 -1.151 11.90 17.40

5. Conclusions and Future Work
5.1 Main Conclusions

The analysis of the medal prediction model, built using RF feature selection and BP deep learning, successfully predicted
the medal distribution for the 2028 Los Angeles Olympics. The model's performance, with an RMSE 0f 0.381613 and R
2 of 0.61, validates its reliability. The prediction results show that the US leads with 121 medals, including 45 gold, 38
silvers, and 37 bronze, highlighting the synergistic effect of its historical performance (AP) and home-field advantage
(HO). Canada, benefiting from logistical support due to its proximity to the host country, moved from 12th to 4th place
between 2024 and 2028, while the Netherlands saw a significant decline due to increased competition. The prediction of
first-time medal-winning countries, using a logistic regression model (accuracy 97.31%), identified Bangladesh, Kiribati,
and Bolivia as potential contenders, reflecting the key roles of economic capacity (EC) and population size (PS). Spearman
correlation analysis showed significant positive correlations between medal count and sailing (rs=0.688), football
(rs=0.644), and water polo (rs=0.610). K-means++ clustering grouped countries into high and low medal-winning
categories, and the chi-square test ( X >=7.6527, p=0.0057) confirmed the host country advantage. PLS regression further
quantified event impact, with sailing having the highest coefficient (0.502). Welch's t-test revealed the impact of excellent
coaches: Japan (p=0.008) and the US (p=0.014) saw significant increases in medals, while Canada (p=0.261) showed no
change. This research provides scientific evidence for Olympic Committees to optimize athlete experience, event selection,
and coaching resources, supporting their 2028 strategic planning.

5.2 Limitations of the Study

The model relies primarily on historical medal data, which makes it unable to reflect sudden national sports planning
changes or dynamic impacts of emerging talents and may underestimate likely "dark horse" countries' performance. Lack
of externality such as athlete injury and pandemics makes it hard for the model to respond to sudden events such as special
events of the 2020 Tokyo Olympics during the pandemic. Though assuming completeness of data simplifies analysis,
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excluding potential errors of data acquisition may impact model robustness. Population size (PS) and economic capacity
(EC) feed into the model, but quantification is insufficient, not fully documenting the complex interrelationship of resource
allocation and talent cultivation, and thus affects the completeness of predictions. Additionally, the generalizability of the
BP neural network for small sample countries is weak (i.e., countries winning medals for the first time), and error rates of
such countries are way too high (i.e., more than 200% for Mexico), reflecting its performance limitation under sparse-data
conditions. Data and feature engineering optimization should be tackled in future research for model adaptability and
accuracy improvement.

5.3 Future Research Directions

Future research could integrate real-time data such as athlete injury records and training adjustments, using a dynamic
update mechanism to enhance the model's ability to adapt to unforeseen events, overcoming the limitations of historical
data. Introducing more economic indicators (e.g., sports budget allocation) and social variables (e.g., education level)
through in-depth regression analysis can quantify the relationship between population size and medal count, improving the
comprehensiveness of predictions. Exploring advanced deep learning techniques such as Convolutional Neural Networks
(CNN) or Recurrent Neural Networks (RNN) can handle multi-dimensional time-series data, optimizing the nonlinear
modeling of the relationship between competitions and medal counts. Further research on coach effects should classify
different coach types (e.g., technical vs. psychological) and their training methods, analyzing both short- and long-term
impacts to reveal their specific contributions to medal outcomes. To address data sparsity, a transfer learning framework
could leverage parameters from developed countries to predict the performance of developing nations. These directions
will enhance the scientific rigor and practical utility of medal prediction research.
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