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Abstract. Olympic medal counts serve as a critical indicator of a nation's comprehensive sports
strength. Accurate predictions offer distinctive perspectives for strategic resource allocation. To
handle the strongly skewed distribution featuring long tails in medal data and capture complex
nonlinear relationships among variables, this study proposes a hybrid methodology combining log-
transformed K-means clustering and Bootstrap-Enhanced Gradient Boosting Machine (BEGBM).
Countries are stratified into five strength tiers (e.g., elite to bottom) via K-means clustering on log-
transformed medal features, reducing skewness bias. A robust BEGBM model trained on bootstrap
samples (B=150) incorporates fluid sports variables and clustered tiers, with missing values imputed
by random forests. The work presented here is the first to integrate tiered and mindful of uncertainty
GBM into medal prediction. The model achieves RMSE=1.16 (gold)/1.91 (total), MAE=0.33/0.81,
and R?=0.50/0.61. It further provides 95% Cls for the 2028 Los Angeles Olympics (e.g., USA: [35.8,
42.7] gold medals) and identifies nations with significantly changing medal potential. This data-based
method offers sports authorities with a dependable tool for optimizing resource investment.

Keywords: Gradient Boosting Machine, Bootstrap Sampling Algorithm, Log-transformed k-means
Clustering, Prediction Model.

1. Introduction

During competitions, people often concentrate on athletes' showings while also considering the
outcomes. Additionally, medals with significant historical importance for the country are highly
valued [1]. Medals counts may relate to factors such as the athletic strength of different countries and
various sports events. In previous studies, Tchamkerten et al. applied logistic regression model to
examine the relationship between swimmers' medal wins and factors like nationality and event type
[2]. Csurilla et al. employed survival analysis to study the determinants of success sustainability over
seven consecutive Summer Olympics from 1996 to 2021 [3]. Sekitani et al. used a DEA model with
restricted multipliers to predict medal counts [4].

While existing methods offer partial solutions, critical gaps persist: Logistic regression cannot
simulate nonlinear interactions such as those between nationality and events. Tripepi et al. pointed
out that linear regression analysis requires the dependent variable to be continuous [5]. DEA models
display limited adaptability to dynamic, multi-factor sport systems [6]. Additionally, survival analysis
did not fully incorporate real-time changing data of individual competitive states.

Based on this, this study pioneers a Bootstrap-Enhanced Gradient Boosting Machine (BEGBM)
framework. The data were transformed through logarithmic transformation in k-means clustering to
clearly classify countries by different levels of national competitiveness tiers, and to quantify features
such as the number of gold medals, total medals, event typologies, and the correlation between events
and medal counts. To address the issues of capturing nonlinear variables and solving multi-
dimensional interaction effects, this approach aims to achieve more accurate predictions of medal
counts.
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2. The basic fundamental of models

2.1. The structure of log-transformed k-means clustering

Log-transformed K-means clustering is an improved algorithm combining traditional K-means
clustering, mainly used to solve the problem of inaccurate clustering results caused by skewed data
distribution. Its core process includes two stages: logarithmic transformation and K-means clustering.
The implementation of log-transformed K-means clustering involves three key steps:
(1) The medal records of each country-session are transformed into a data point through log-
transformed for cluster analysis. The transformation formula is:

x'=log(x+1) (1)

Where x isthe Olympic medal counts, and the x + 1 operation avoids the problem of undefined
logarithm for O values. This transformation can compress the range of extreme values and reduce
their impact on clustering results.

(2) Determine the number of clusters k [7], And randomly select k data points from the
transformed dataset as the initial clustering centers c;, ¢y, ..., Ck.

(3) Calculate the Euclidean distance between each data point and each cluster center, and assign
the data point to the nearest cluster:

At ) = s e = 1) @)

where d(x;,c;) represents the Euclidean distance between the i-th feature x; after logarithmic
transformation and the j-th cluster center c;, x; ,,, is the m-th eigenvalue of the i-th transformed data
point, ¢;,, means The m-th eigenvalue of the j-th clustering center, and n represents feature
dimension.

Then recalculate the center of each cluster, that is, the mean of all data points in that cluster. And
repeat these steps until the cluster centers no longer undergo significant changes.

1
G = n—jZieAj X; 3)

where A; is the set of data points in the j-th cluster, n; represents the number of data points in this
cluster.

Calculate the sum of squared errors (SSE) corresponding to different k values to evaluate the
clustering effect.

' 2
SSE = ¥%_; Diea; d(xi, ¢;) )

As k increases, SSE will monotonically decrease, and the maximum value of k should not
exceed the square root of the sample size. Take the value of k when the aggregation degree of each
cluster no longer shows a significant improvement.

2.2. The structure of Bootstrap-Enhanced Gradient Boosting Machine

BEGBM is used to predict the number of medals and calculate confidence intervals to identify
countries with changes in the number of medals. The structure is shown in Figure 1.
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Figure 1. BEGBM structure

Medal counts are predicted nonlinearly based on national strength, project characteristics,
historical performance, and other factors using the Gradient Boosting Machine (GBM). It is an
iterative decision tree ensemble model that enhances performance by repeatedly correcting the
prediction errors of previous models. By incorporating the Bootstrap Sampling Algorithm to perturb
the training data [8], the model's robustness is improved, and the uncertainty of predictions is
quantified.

Since there are some missing values in the data, the random forest algorithm is used for data
imputation [9]. Specifically, samples with non-missing values serve as the training set. By extracting
relevant feature values from the existing non-Na values and selecting an optimal feature (assuming
there are d features) from the feature set of the current node, for each node of the base decision tree,
a subset containing m features is randomly selected from the feature set of that node first. Then, an
optimal feature is selected from this subset for partitioning to predict the possible values of NA values.

The reason for introducing a parameter m is to control the degree of randomness introduction: if
m = d, then the construction of the decision tree is the same as that of the traditional decision tree.
If m =1, then a feature is randomly selected for division. Recommended values under normal
circumstances is m = log, d balancing randomness and discriminative power. The prediction result
of the missing value NA on the non-Na values of the sample is represented as an N-dimensional
vector, and each element in the vector represents the prediction result in the corresponding class.

The model begins with a simple initial predictor, which is the mean of all samples. In each iteration,
a new decision tree is trained, with its learning goal being the prediction residuals of the previous
model. By continually correcting errors, the overall prediction error is gradually minimized. And the
negative gradient of the loss function is used as the "pseudo-residual to guide the learning direction
of the new weak learner, ensuring that each iteration is optimized in the direction where the loss
function decreases.

Initial model is:

Fo(x) = arg min Yi= L y) )

where y represents the predicted value of the initial model, y; is the true medal counts of the i-
th sample, and Y7, L(y;,y) is the sum of losses across all samples, n denotes the total number of
samples in the training set.

For the prediction of Olympic medal counts, the mean square error (MSE) is adopted as the loss
function:

Ly, = -9)? (6)

where y is the true medal counts, ¥ is the model’s predicted medal count, and the negative
gradient under this loss function equals the true residual r = y — 9, This residual, representing the
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gap between the true and predicted values, becomes the fitting target for the new decision tree, which
is trained to minimize the sum of squared residuals.

To avoid overfitting, each new weak learner’s contribution is weighted by a learning rate (7,
typically 0.1 in this study), a value less than 1. This shrinkage mechanism ensures that each iteration
corrects only a fraction of the error, allowing the model to converge gradually and generalize better
to unseen data.

The final model after M iterations is expressed as the weighted sum of all weak learners:

Fy(x) = Fy—1(%) + nhp (%) (7

where Fy(x) is the final strong learner,M means the number of iterations, and h,,(x) is the
weak learner trained in the m-th iteration.

Bootstrap sampling strengthens the model by generating multiple subsets through repeated
sampling with replacement from the original training set. A separate GBM model is trained on each
subset, and the final prediction is derived from the average of these models’ outputs. This ensemble
approach not only reduces overfitting but also quantifies prediction uncertainty.

3. Results

The data are from https://www.olympics.com. Represents the medal counts of the countries
participating in the summer Olympics from 1896 to 2024 (shown in Table 1 below).

Table 1. Total Medal Data Chart of VVarious Countries (Partial display)

Rank NOC Gold | Silver | Bronze | Total | Year
Unite-

1 States 11 7 2 20 | 1896

2 Greece 10 18 19 47 | 1896

3 |Germany| 6 5 2 13 | 1896

4 France 5 4 2 11 | 1896

5 | Great | oo | 4 2 7 | 1896
Britain

3.1. The establishment of log-transformed k-means clustering

To address the skewness and extreme value issues in Olympic medal data, this study employed a
log-transformed K-means clustering approach, with the detailed implementation process as follows:

First, rigorous data preprocessing was conducted to ensure data quality. eliminate outliers (data
from countries whose results were invalidated for some reasons) and missing values (data from
countries with incomplete participation data).

According to the distribution chart of gold medals and other medals of different countries in 2024
(shown in Figure 2 below), most countries have won a relatively small number of medals, while only
a few countries have won a large number of medals. That is, the data shows a distinct skewed
distribution, which may have an adverse impact on subsequent data analysis and model construction.

309



Highlights in Science, Engineering and Technology MMADP 2025
Volume 159 (2025)

Brown
Glod
Silver

Figure 2. A chart showing the distribution of medals from different countries in 2024

Subsequently, log-transformed was applied to all non-negative feature variables to stabilize the
data distribution and mitigate the undue influence of extreme values (Formula 1), the characteristic
variables including gold medals (x,), silver medals (x,), bronze medals (x3). yielding the transformed
feature matrix X' = [x/]yxs . Each element in the matrix was defined as: x; = (log(x;; +
1), log(x;; + 1), log(x;s + 1)).

Then, the elbow method is applied to determine the optimal number of clusters, iterate over
different k values and calculate the SSE values corresponding to different k values (Formula 4), and
then use the ggplot package in R language to generate the elbow plot (Figure 3).
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Figure 3. Elbow plot for determining optimal k value in log-transformed K-means clustering

The results show that when k = 5, the curve shows a distinct “elbow” [10]. Therefore, the optimal
number of clusters is determined to be 5. This can also correspond to five different levels of national
strength, such as bottom, upper-middle, medium, lower-middle, and elite (Figure 4).
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Figure 4. Distribution of Gold Medals Across Clusters

This box plot shows the distribution of the number of gold medals won by countries at different
medal strength levels, it indicates that the countries at the bottom of the table, due to the scarcity of
sports resources, have hardly won any gold medals, and the difference in the number of gold medals
won by countries of different medal strength levels: the higher the level, the stronger the ability to
win gold medals and the greater the number.

Randomly select 5 data points from the transformed data matrix X’ as the initial centers
¢4, Cy, .-, Cs. Calculate the Euclidean distance between each data point and the five centers according
to (Formula 2), and assign the data points to the nearest cluster center. And calculate the new center
for each cluster as the mean of its assigned data points using (formula 3). Manually set the threshold
to e = 107%, repeat the above process until the maximum displacement of any cluster center between
two consecutive iterations is less than the e.

3.2. The establishment of Bootstrap-Enhanced Gradient Boosting Machine

Firstly, converting the country code to the 1ISO 3166-1 alpha-3 standard encoding to ensure the
consistency of the country identification, for special entities without standard codes (such as
independent Olympic athletes) and disintegrated countries (such as Czechoslovakia), they are
uniformly marked as "uncoded" and handled separately. For the missing features such as the number
of historical medals and the number of project participations, the random forest algorithm is adopted
for prediction and filling. Take the non-missing samples as the training set, take the missing features
as the target variables, and take other relevant features (such as the number of participating events,
athletes, and the number of participations, etc.) as the input.

In each iteration of GBM training, the function randomly selects m features for each decision tree
according to the feature subset rule of formula 8. In the initial stage, the predictor variables of the
model are Year and Cluster. Then during the subsequent iteration process, the model will
automatically generate the association formula of “target variable - predictor variable” without the
need for manual definition.

The optimal parameters are screened through multiple rounds of training and verification (Initially,
a 5-fold cross-validation is adopted. When the features expand, it is adjusted to a 7-fold cross-
validation.), Parameter tuning is based on the criteria of mean square error (MSE), root mean square
error (RMSE), mean absolute error (MAE), and coefficient of determination (R?). Key parameters
include tree depth (interaction. depth) and tree count (n. trees). The optimal parameters are selected,
and the number of features is expanded to the year, sports event, number of athletes, and cluster.
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During the training process, a bootstrap sampling strategy is introduced: multiple subsets are
selectively drawn from the training set, and each subset is independently trained with the GBM model.
The final prediction result is the average output of all subset models.

The optimal combination of hyperparameters is shown in the following table 2.

Table 2. The optimal combination of hyperparameters in the GBM model

Predictors’ C_ross_- Optimal Parameter .
Model Type Validation o Fixed Parameters
Number Folds Combination
Gold Medals 4 ; n.trees=50, shrinkage=0.1,
Prediction interaction.depth=2 n.minobsinnode=10
Total Medals 4 ; n.trees=150, shrinkage=0.1,
Prediction interaction.depth = 3 n.minobsinnode=10

The RMSE of the BEGBM model for the number of gold medals is approximately 1.16 and the
MAE is approximately 0.33, indicating that the predicted values are close to the true values, with
small deviations and high stability. R? is approximately 0.50, capturing some of the core influencing
factors. The RMSE of the BEGBM model for the total number of medals is approximately 1.91
(greater than that of the gold medal model, with slightly weaker accuracy and dispersion), and the
MAE is about 0.81 (with a larger deviation), but the R? is approximately 0.61, which can explain
61% of the changes in the total number of medals and capture the influencing factors more fully. The
model has been trained and used to predict the year 2028, At the same time, 95% of the prediction
results were sampled and calculated using the Bootstrap Sampling method. The prediction results are
shown in Table 3 below. The table shows the prediction values and 95% confidence intervals for the
top five countries in terms of gold medals and total medals, showing the model's estimates and
uncertainty about each country's medal performance.

Table 3. The prediction results for the number of Gold Medals and Total Medals in 2028

NOC Gold Medals Total Medals
Predicted 95% CI Predicted 95% CI
USA 39.27 |35.81-42.73 | 110.45 | 105.12-115.78
CHN 38.15 |34.92-41.38| 89.73 84.56 - 94.90
GBR 21.83 | 18.47-25.19 | 64.92 59.14 - 70.70
FRA 12.56 9.87 - 15.25 44.38 39.42 - 49.34
GER 10.71 8.24 -13.18 39.65 35.17 - 44.13

4. Conclusions and outlooks

This study employs log-transformed K-means clustering and a BEGBM model to predict Olympic
medal counts. After processing the medal data with skewed distribution through log-transformed, K-
means clustering divides countries into different levels based on gold medals counts and the total
number of medals, clearly presenting the global sports strength pattern and providing a basis for
targeted analysis of countries at different levels. A robust BEGBM model with RMSEs of 1.16 (gold
medal) and 1.91 (total medal) was established, it also provided a 95% confidence interval for the
number of medals at the 2028 Los Angeles Olympics, enhancing the credibility of the prediction
results. The model recognition identified the countries whose medal counts might rise or fall,
providing a basis for the allocation of project resources.

However, if the data is small, there will be a problem of algorithm performance degradation, and
the randomness is relatively strong. In the future, dynamic variables such as the age distribution of
athletes, injury and illness rates, and sports policies can be incorporated to further enhance the
prediction accuracy.
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