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Abstract. The medal table at every Olympic Games can always get keen attention from all over the 
world. However, due to the dynamic nature of competitive sports, which leads to the low reference 
value of early historical data and the small amount of recent data, it is difficult to predict the number 
of medals in the next Olympic Games. In order to solve this problem, this article plans to establish a 
comprehensive evaluation system of national sports strength, using the PLSR algorithm suitable for 
small sample size, combined with the bootstrap method to predict the number of medals of some 
countries in the next Olympic Games. At the same time, for countries that have not won Olympic 
medals in history, the logistic regression algorithm is used to estimate the probability of the number 
of medals exceeding 0 in the next Olympic Games. By integrating both macro and micro dimensions 
of sports competitiveness, this article not only addresses data limitations but also pioneers a 
systematic approach to capture national strengths, providing a missing link between traditional socio-
economic analysis and sport-specific dynamics. 
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1. Introduction 

The Olympic Games, as the pinnacle of international sports competition, serve not only as a 

platform for athletic excellence but also as a reflection of national prestige and socio-economic 

development. In terms of medal prediction for the Olympic Games, existing studies mainly focus on 

the impact of macro factors such as socio-economic factors on the medals won by countries. Bernard 

et al. [1] used the Logit model to analyze the Olympic medal table and found that the number of 

Olympic medals won by an Olympic team is related to the population of the country or region it 

represents, the GDP per capita, and whether it is the host country of the Olympic Games. Schlembach 

et al. [2] used a random forest model to predict the performance of each team at the Olympic Games 

and evaluated the contribution of different characteristic variables to the prediction. SHI Huimin et 

al. [3] used the random forest model to predict the performance of each Olympic team in each sub-

event, and compared the differences in the predictability of the performance of different Olympic 

events. However , these articles ignored sports-specific factors (such as the discipline dominance and 

the presence of elite athletes) and the difficulty of traditional models to deal with small and 

heterogeneous datasets.  

This article addresses these gaps by proposing a dual innovation in data utilization and 

methodology. First, this article integrates macro socio-economic indicators with micro-level sport-

specific metrics—such as historical medal trends, athlete participation intensity, and national 

dominance in events—to construct a comprehensive evaluation system. Second, this article 

introduces a hybrid framework: PLSR handles multicollinearity and small samples, Bootstrap 

quantifies prediction uncertainty, and logistic regression estimates breakthrough probabilities for 

emerging nations. Additionally, by classifying countries into distinct categories (e.g., high 

participation/high medals vs. low participation/low medals), the model tailors predictions to 

heterogeneous competitiveness levels, a dimension overlooked in homogeneous approaches.  
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2. The preliminary work for prediction 

2.1. Indicator System Establishment 

The following indicators have been selected for the prediction of the number of medals for a given 

country in a given sport, as illustrated in Table 1. 

(1)Total Nations in the Sport (TNS) 

TNS denotes the total number of nations participating in the sport, reflecting the global 

participation in the sport. More countries participating means more competition in the sport, so TNS 

is an important indicator for predicting the number of medals a country will win in the sport. 

(2)Total Athletes in Olympics/ Total Athletes in the Sport (TAO/TAS/TES) 

TAO represents the total number of athletes from a country registered for a specific sport, TAS 

refers to the total number of athletes from a country entered in the Olympic Games, while TES 

indicates the total number of events in which a country has fielded athletes for the Olympic Games. 

These indicators reflect a country’s commitment to both the sport and the Olympics, as well as its 

competitive strength in the relevant events. As such, they serve as key factors in predicting medal 

outcomes. 

(3)Host Nation (H) 

In order to quantify the host nation effect, i.e., the country hosting the Olympics usually performs 

much better at that Olympics and is often able to exceed its usual level of competition[4], the article 

sets it as a categorical variable, which helps to more accurately capture the potential performance 

enhancement of host countries[5]. 

(4)Historical Medals of Previous THREE/ TWO/ ONE Year(s) (HM3/HM2/HM1) 

Since the medal counts from the previous three editions offer a more stable performance trend, the 

data from the last two editions better reflect the Olympic cycle and preparation rhythm, while the data 

from the most recent edition is the most directly relevant to the upcoming Olympic Games. By using 

medal counts from these varying time spans as indicators respectively, the article can provide a more 

accurate and comprehensive prediction of medal outcomes. 

(5)Strength (S) 

Some countries have a significant dominance in particular events, and this dominance may have a 

significant impact on their medal totals. In order to quantify this phenomenon, this article lets SA be 

number of “dominant event” in the sport for that nation with the following categorization criteria: 

When a country wins more than 50% of the medals in a particular sport, that is considered to be 

the country’s “dominant event”, while others are categorized as “common event”, which can 

demonstrate more explicitly the core competitiveness of countries in different fields and provide a 

more targeted reference for medal forecasting. 

(6)Superior Athletes (SA) 

This article defines a "superior" athlete as one who has won two or more consecutive medals. SA 

is the total number of "superior" athletes in the sport for that nation.[6] 

Table.1. Indicator System 

Number Indicator Description 

1 TNS Total Nations in the Sport 

2 TAO Total Athletes in the Olympics 

3 TAS Total Athletes in the Sport 

4 TES Total Events in the Sport 

5 H Host Nations 

6 HM3 Historical Medals of Previous Three Years 

7 HM3 Historical Medals of Previous Two Years 

8 HM3 Historical Medals of Previous One Years 

9 S Strength 

10 SA Superior Athletes 
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2.2. Nation Classification 

Given the significant disparities in Olympic medal competitiveness among nations, this article 

classifies the participating countries based on factors such as the number of times they have competed 

and the average number of medals won per participation. For each category, this article develops 

customized prediction models to enhance the accuracy and effectiveness of our forecasts. 

After careful consideration and adjustments, this article classifies countries into four groups: High 

participations and high medals (HH), High participations and low medals (HL), Low participations 

and low medals (LL), and No participation in the last seven editions (N), as shown in Figure 1. 

 

Figure 1: Nation Classification (Map data from Google Maps) 

Assuming participating countries remain relatively stable, this article hypothesizes that countries 

in category N will not participate in the upcoming 2028 Olympic Games and therefore do not predict 

their medal counts. For the other three categories, this article builds separate models to predict their 

medal counts, including both total medals and gold medals. 

3. Establishment of predictive models 

3.1. Prediction of the number of medals 

3.1.1 Partial Least Squares Regression (PLSR) 

Partial Least Squares Regression (PLSR) is a regression method that can handle multicollinearity 

and effectively manage high-dimensional data, which is well suited to our chosen indicators[7]. 

As mentioned above, this article uses 𝑥𝑖𝑗
′  to represent the normalized value of the j-th indicator 

for a certain country and sport in the i-th year, and 𝑦𝑖 denotes the number of medals in the i-th year 

(j ∈ {1,2,...,8}, represents the eight indicators in Figure 2, and i ∈ {1,2,...,8}, represents the eight 

Olympic years selected (1996-2024)). In addition, 𝑋 ∈ 𝑅8×8 and 𝑌 ∈ 𝑅8×1 represent the matrices 

formed by the two respectively. 

PLSR extracts latent variables (also known as components) by maximizing the covariance between 

the predictor matrix X and the response variable matrix Y. The latent variables T ∈ R8×t are linear 

combinations of the input matrix, defined as: 

𝑇 = 𝑋𝑃 (1) 



Highlights in Science, Engineering and Technology IPIIS 2025 

Volume 145 (2025)  

 

139 

Where P ∈ R8×t is the loading matrix representing the contribution of each input feature to the 

latent variables, and 𝑡 is the number of latent components. This process is iterative, with each step 

selecting components that maximize the covariance between 𝑇 and the response variable 𝑌. 

After extracting the latent variables, a linear regression model is established between the latent 

variables and the response variable. The model is given by: 

𝑌 = 𝑇𝐵 + 𝐸 (2) 

Where B ∈ Rt×1 is the regression coefficient matrix representing the relationship between the 

latent variables and the response, and 𝐸  is the error term. The regression coefficients 𝐵  are 

estimated by minimizing the sum of squared errors: 

𝐵ˆ = (𝑇𝑇𝑇)−1𝑇𝑇𝑌 (3) 

Once the regression coefficients Bˆ are estimated, the model can be used to predict new response 

variables Yˆ . And to avoid overfitting, the optimal number of latent components t is typically chosen 

through cross-validation, which is eventually determined to be 5. Using the trained model, the 

predicted medal number yˆ is obtained as: 

𝑦ˆ = 𝑋𝑃ˆ 𝐵 (4) 

where Pˆ is the trained loading matrix, and Bˆ is the estimated regression coefficient. 

3.1.2 Deriving Confidence Intervals with Bootstrap Method 

After the trained PLSR model has made the medal count predictions, we use the Bootstrap method 

to estimate the confidence intervals of these predictions.[8] This approach enables us to quantify the 

uncertainty inherent in the model’s predictions. The specific modeling steps are as follows: 

First, randomly sample with replacement from the training dataset D to create multiple new 

training datasets 𝐷𝑏
∗ = {(𝑥1

∗, 𝑦1
∗), (𝑥2

∗, 𝑦2
∗), … , (𝑥𝑛

∗ , 𝑦𝑛
∗)}, each likewise containing n samples. After 

each sampling, some data points may be repeated in 𝐷𝑏
∗. 

Then, for each generated dataset 𝐷𝑏
∗, the PLSR model is retrained to obtain a new set of parameters, 

resulting in B retrained PLSR models. Each of these B trained PLSR models is used to predict the 

future medal count, yielding B sets of predicted values . For this series of predictions, we calculate 

the standard deviation (SD) of the predicted numbers of medals. 

Finally, the confidence interval upper and lower bounds are: 

𝑦ˆ ± 𝑧α
2

·  SD (5) 

where 𝑧𝛼/2 is the critical value corresponding to the 1 − 𝛼/2quantile of the normal distribution, 

taken as 1.96 for a 95% confidence interval (i.e., 𝛼 = 0.05). 

Through these steps, the Bootstrap method provides an uncertainty estimate for the BKA-SVR’s 

predictions, giving a confidence interval for the predicted values and helping assess the reliability of 

the model’s predictions on new data. 

3.1.3 Forecast Results 

Based on the previous nation classification illustrated in Figure1 the article selected 14 nations 

including the United States, China, Australia and United Kingdom from the HH category, Japan, 

Netherlands, Italy, Spain and Egypt from the HL category, and Singapore, Malaysia, Philippines, 

Syria and Dominica from the LL category. Using the model, the article predicted the total number of 

medals and the number of gold medals for these countries in various events.  

After that, the predicted results of all the sports of all these countries were summed up respectively 

to get the predicted values and confidence intervals of the total number of medals and gold medals, 

and compared with the results of the 2024 Olympic Games, so as to judge whether they are 

progressing or regressing as a whole, with part of the results presented in Figure 2, Figure 3.  
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Figure 2: 2028 Total Medals compared to 2024 

 

Figure 3: Gold Medal Predictions for Several Nations 

3.1.4 Sensitivity Analysis  

Given that the model incorporates various indicators, the article performed a sensitivity analysis 

to assess the model’s robustness, taking USA, China, Japan and Singapore as examples. In this 

analysis, this article adjusted each indicator by ±10% from its current normalized value and observed 

the corresponding changes in medal predictions, as shown in Figure 4. 

The results show that these changes are relatively small, with the largest being about 7.6%. Overall, 

these results indicate that changes in individual metrics do not lead to significant changes in 

predictions, suggesting that our model is robust. 
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Figure 4: Sensitivity Analysis 

3.2. Medal Breakthrough probability 

3.2.1 Forecast Results 

Binary Logistic Regression is a widely used statistical model for solving binary classification 

problems[9].It is designed to estimate the probability of an event occurring, where the event has only 

two possible outcomes. As such, it can be used to predict the probability of a nation making a 

breakthrough in a particular sport category and winning a medal (with 1 representing winning a medal 

and 0 representing not winning one). 

The goal of logistic regression is to learn a function h(X) that outputs the probability of y being 1. 

This function takes the linear combination 𝑧 = 𝜔𝑇𝑋 + 𝑏as input, which is then transformed by 

the sigmoid function 𝜎(𝑧) =
1

1+𝑒−𝑧, which converts the output of the linear mode into a probability, 

indicating the likelihood of 𝑦 = 1, i.e., 

ℎ(𝑥) = σ(𝜔𝑇𝑋 + 𝑏) =
1

1 + 𝑒−(𝜔𝑇𝑋+𝑏)
(6) 

Next, the article used log loss to assess the difference between the model’s predicted result and the 

reality, i.e., 

𝐿(𝜔, 𝑏) = −
1

𝑚
∑[𝑦𝑖 log(ℎ(𝑋𝑖)) + (1 − 𝑦𝑖) log(1 − ℎ(𝑋𝑖))]

𝑚

𝑖=1

(7) 

where m is the number of groups of data used, i.e., the number of years for which the data were 

used. 

Then, the article employed gradient descent to minimize the loss function, updating w and b, i.e., 
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𝜕𝐿

𝜕𝜔𝑗
=

1

𝑚
∑(ℎ(𝑋𝑗) − 𝑦𝑖)

𝑚

𝑖=1

𝑥𝑖𝑗 (8) 

𝜕𝐿

𝜕𝑏
=

1

𝑚
∑(ℎ(𝑋𝑗) − 𝑦𝑖)

𝑚

𝑖=1

 (9) 

𝜔𝑗 ≔  𝜔𝑗 − 𝛼
𝜕𝐿

𝜕𝜔𝑗
 ,   𝑏 ≔ 𝑏 − 𝛼

𝜕𝐿

𝜕𝑏
 (10) 

where 𝛼 is the learning rate, which controls the step size of each update and is selected by cross-

validation. 

Eventually, after several iterations of training, we obtain the optimal parameters ω and b for new 

data for prediction. For the feature vector 𝑋 for the new year of this sport in this country, the 

probability of winning a medal is: 

𝑦ˆ = 𝜎(𝜔𝑇𝑋 + 𝑏) (11) 

This article selected several countries’ sports that had not won any medals in Olympics between 

1996 and 2024 and applied the model to make predictions. Based on the predictions of all the 

countries and sports selected, this article determined that the most likely country and event to 

experience a medal breakthrough in 2028 is Mali in football, with a forecasted probability of 0.0071. 

The top four in the probability of a breakthrough are shown in Figure 5. 

 

Figure 5: Top 4 of Predicted Medal Breakthrough Probability 

3.2.2 Sensitivity Analysis 

To assess the sensitivity of the model, we utilize the ROC (Receiver Operating Characteristic) 

curve and AUC (Area Under the Curve)[10]. The procedure is as follows: 

We select a threshold T and convert the predicted probability Pˆ into binary classification results. 

If 𝑃ˆ ≥ 𝑇, the prediction is positive (1); otherwise, if 𝑃ˆ < 𝑇 , the prediction is negative (0). We 

then compute the recall rate based on the confusion matrix, using the formula: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (12) 

Here, TP (True Positives) refers to the number of correctly predicted positive samples, while FN 

(False Negatives) indicates the number of positive samples incorrectly classified as negative. 

Next, we plot the false positive rate (FPR) against the true positive rate (TPR) for various threshold 

values, resulting in the ROC curve. The formulas for FPR and TPR are as follows: 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 , 𝑇𝑃𝑅 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (13) 

This allows us to generate the ROC curve for different thresholds, with the X-axis representing the 

FPR and the Y-axis representing the TPR. We also compute the AUC (Area Under the Curve) to 

quantify the model’s sensitivity. 
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The AUC value we obtained is 0.99, which is very close to 1, indicating that the model we trained 

demonstrates excellent sensitivity. 

4. Conclusions 

Olympic medal prediction has always been a difficult problem due to its comprehensiveness and 

specificity. By utilizing a variety of models, including PLSR and logistic regression ,this article not 

only effectively predicts trends in medal counts but also assesses the potential for emerging countries 

to win medals. The experimental results show that the models have good predictability and robustness, 

and has a certain practical application value. Although they also have certain limitations in practical 

applications, it is highly possible that with future research and improvements, these models can be 

further refined and applied to a broader range of sports fields. 
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