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Abstract: This paper proposes an Olympic medal prediction model integrating linear regression, random forest, LASSO-
Logistic regression and hierarchical analysis method (AHP), focusing on the application of multiple models in the prediction of
the number of medals, the analysis of the probability of winning awards and the quantification of the effect of the “great coach”.
Firstly, based on linear regression, the index system is constructed, combined with the least squares method and the random
forest algorithm, the number of gold, silver and bronze medals of each country in the 2028 Olympic Games is predicted at the
point prediction and the interval prediction; secondly, the LASSO-Logistic regression model is introduced, and the probability
of winning each item is analyzed by screening the characteristics of the penalty parameter; lastly, the “Great Coach” effect
analysis model is established by using the AHP. Finally, AHP was used to establish the “Great Coach” effect analysis model to
quantify the weight of its influence on athletes' training intensity, team tactics and other factors. The model synthesizes historical
medal data, participation scale and other multi-dimensional indicators, and improves prediction accuracy through algorithmic
fusion, which can scientifically assess the medal distribution trend and key influencing factors, providing a multi-method
synergistic solution for Olympic medal prediction.

Keywords: Linear Regression, Random Forest, LASSO-Logistic Regression, AHP.

1. Introduction 2. Predictions for the medal table of the

This paper focuses on the quantitative prediction and 2028 Olympics
impact mechanism analysis of the medal distribution of the

2028 Olympic Games, aiming at constructing a scientific 2.1. The establishment of a linear regression

medal prediction system through a multi-dimensional index system

algorithmic model. With the development of big data analysis For each sport, the data from the previous three Olympic

technology for sports events, accurate prediction of the Games is analyzed to assess and predict the number of medals

number of Olympic medals and the probability of winning has for that sport in the current edition. Subsequently, the number

become an important direction of competitive sports research. of medals for all sports and the total number of medals for

Based on the historical data of the first three years of Olympic each participating country are summarized.

Games, the study constructs a linear regression system Specifically, several types of variable indicators are set up,

containing the number of participants, historical medal counts, and each country is established and analyzed separately. The

medal trends and other indicators, and combines the Random indicators of a country are introduced as follows:

Forest algorithm to realize the point prediction and interval 1. Number of Participants: Includes the total number of

prediction of the number of medals [1-3]; introduces LASSO- participants from each country in the previous three editions.

Logistic regression model and analyzes the winning 2. Historical number of medals: number of gold, silver and

probability of each item through the screening of penalized bronze medals by sport (data from the previous three editions).

items; quantifies the number of medals and the probability of 3. Medalists: Total number of medalists in each sport from

winning the medals by means of the hierarchical analysis the previous three editions.

method (AHP) [4][5]. With the help of hierarchical analysis 4. Total Medal Trend: Total number of gold, silver and

(AHP), we quantified the weight of the “great coach” effect bronze medals in the previous three Olympic Games.

on the training intensity, team tactics and other factors [6]. 5. Host effect: set the 0/1 variable to identify if it is the host
The study integrates heterogeneous data from multiple country.

sources with machine learning algorithms to form a
comprehensive model framework covering medal number 2.2. Least squares based linear regression for
prediction, probability analysis and key factor evaluation. The medal count prediction

experimental results show that the model system can

. nows ) In summary, individual predictions are made for each
effectively capture the distribution pattern of Olympic medals,

gold silver bronze
Xed |y x!

and the quantitative analysis of the “great coach” effect has country. Assuming * ! the number of
significant explanatory power for the changes in the medal gold, silver, and bronze medals won in the t-th Olympic
pattern, which provides a reference methodology for Olympic Games respectively:

event prediction and sports strategy research.
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2.3. Medal count prediction model based on
random forest model

Random forest is an ensemble learning algorithm used for
classification and regression.

Decision tree is the basic unit of random forest, assuming
that the sample set of the current node is D and the indicator
set is F, appropriate indicators and thresholds will be chosen
to divide the sample set D into two subsets D1 and D2. The
goal of partitioning is to minimize the mean square error after
partitioning, that is n and m are the sample sizes of D1 and

D2, and Ypland P2 are the mean values of the target
variables in D1 and D2
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Among them, n and m are respectively and the numbers of

samples and are respectively and the mean of the target

variable.

Assuming that the training set is
{(xlay])9(x29y2)5~~~,(xn9yn)} . Among xi Enter the
indicator

vector at that time, Yi It is the target variable. The random
forest model can be represented as:

L 1S
y:zZZ}(x)
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The input for the random forest model matches that of the
multivariate linear regression model. Table 1 is the top ten
countries' forecast results from the random forest.

Table 1. Prediction results for the number of medals in 2028
(top 5 countries)

Countr | Gol | Silv | Bron | Predicted | Summed T
y d er ze Total otal

United | 142 | 88 70 238 300

States

France | 19 | 45 58 130 122

104

2.4. Interval prediction of the number of
medals based on the linear regression
model

According to the multiple linear regression model, by
integrating several indicators, the number of medals intervals
in 2028 was predicted, and all the results obtained are shown
in Table 2.

Table.2. Prediction results of the number of medals in 2028
(top 5 countries)
SM | SM |BM | BM
CU|CL |CU|CL |CcU
154.150.6|114. 84.21176.
87 1 3 192 9-99 9 |18
0.00 28.7129.0(66.7(32.372.3|99.6
) 9191918 ]0]1
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5191014182
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2.5. Medal prediction model based on LASSO-
Logistic regression
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A LASSO-logistic regression model will be employed to
analyze the probabilities of winning a medal. The input data
maintains consistency, while the output will denote whether a
medal is attained.

y=a+px +0x,+...+¢ )

is a constant term, € is a random

disturbance item; '81”82"””8” is the regression
coefficient of the independent variable. Introduce a penalty

In the formula, &

parameter S >0 , the LASSO definition expression of the
estimated value in the above formula is as follows:



(&, B) = arg min Zn:

i=l1

A

0
Ream b, is the estimated value of the regression
parameter obtained by the least squares. At this time

S0=Z|ﬂ0|
=1

s : .
. Be equal when 0, the optimal solution

is the least squares solution; when §< 5 that time,
compression will occur. The smaller s is, the stronger the
compression effect on whether to win the medal. The
reduction makes the regression coefficient extremely small or
0, so that the relevant features corresponding to the regression
coefficient of 0 are deleted, so as to eliminate the factors that
have less impact on whether to win the medal.

Logical regression is a linear model used to solve
classification problems. It estimates the probability that the
observed value belongs to a specific category through a
Logistic Function or S-shaped function. The mathematical
model of logical regression can be represented as follows:

For an input feature vector X, the mathematical expression
of the logical regression model is as follows:

1
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Among them,
observed value

X, X,,... X

>“7P s an input feature.
model parameter.

The logical regression model uses logical functions
(sigmoid functions) to linearly combine
By+ Bxi+ By .t Byx, convert to a probability
value between 0 and 1. This probability value indicates that
the observed value belongs to the positive category (winning
a medal) and other probabilities.

The expressions of logical functions (Sigmoid functions)
are as follows:

is the probability that the
the positive category.

ﬂO’ﬁl’ﬁ2"'"ﬂP isa

to

1

l+e~ (8)
The training goal of the logical regression model is to find

the best parameters Bo> P> Pyses P To enhance
classification predictions, this paper employs maximum
likelihood estimation for parameter estimation. The
probability prediction results (feasibility) of LASSO Logistic
are shown in the Figure 1:
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Figure 1. LASSO-Logistic's prediction results

Consider a prediction probability greater than 0.5 as
winning a medal in that sport. The total medals are then
summed up across all sports. Notably, the countries that won
medals at the 2028 Los Angeles Olympics, among those that
had not previously won, include the United Arab Emirates.

3. Analysis of the "Great Coach" effect

3.1. The establishment of the "Great Coach"
analysis model based on multivariate
linear regression

The optimal age of athletes is focused on by selecting
relevant data from the last three Olympic Games, including

the current year.
1. Athlete level:
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Number of athletes with previous competition experience.

Number of core athletes with previous awards.

2. Medal count level:

Number of gold, silver and bronze medals in each event 4
years ago and 8 years ago.

3. Level of change in data:

Trends in the percentage of gold, silver and bronze medals
(between 8 and 4 years).

3.2. Prediction model of multivariate linear
regression output of the "Great Coach"
effect

In summary, there are a model that does not include the
"great coach" effect:



{u gold u gold gold
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In the formula, A~ 113 representing the coefficient of the

first term of linear regression, 2 0 is a constant term. To
quantify the "great coach" effect, the results of the model
output will also be subjected to a softmax process and
quantified based on probability. The formula is as follows:

e

softmax (x, )

X

e J

J=1

(10)
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In the formula, R is the judgment matrix of AHP; ¥ is

the importance of the comparison of two adjacent indicators.
In this model, the judgment matrix is obtained by consulting
the literature and combining with relevant judgment as
follows:

Step 1: Establish a criterion layer judgment matrix:

1 1/2 4
R=| 2 I 7
1/4 1/7 1 (12)
Step 2: Weight of criterion layer to target layer:
n n
Z a; +—-—1
’ n(n-1) (13)

In the formula, ~ / is the criterion layer judges the single-
level sorting weight of the elements in the matrix, so as to

obtain the combination weight vector; ¥ : judge the value of
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In the formula, B‘, B, and B, respectively represent
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exponential sum of all elements in vector ¥ .

3.3. Quantitative analysis of the "Great
Coach" effect based on AHP

In this model, the "great coach" effect is excluded, and AHP
is used to quantify its impact. Literature indicates that this
effect influences athlete training intensity, confidence, and
team tactics.

Analytic Hierarchy Process (AHP) is a multi-criteria
decision-making method that solves complex decision-
making problems by decomposing them into hierarchies,
including criterion layers, sub-criterion layers, and program
layers.

1 h B
1/7, 1 7,
1/n, 1/r 1

N | —
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(11)

the element in column j of row i in the matrix; n: judge the
order of the matrix.
Step 3: Weight value:

N
I(A,W ):n—z . l‘ay.erU—l‘
i=l j=
W* = (le )n*n
Wi
W, =———
W (14)
In the formula: I(A’ W*) weight value; w :

- . /4 . .
characteristic matrix of R;  !: weight of the i-th element;

, . . w. .
J . weight of the j-th element; Y : element in the
characteristic matrix.

Step 4: Create a scheme layer judgment matrix:

} S
1 = =
5 5 8
1
20 B,=|5 1 =
3
. 8 3 1

- L - (15)

the judgment matrix of the scheme for each criterion layer.
Step 5: Do a consistency test of the weight vector and the



combined weight vector (deduction formula):
cr=tm=" cp_ <!
n—1 RI (16)

In the formula, ~ ™ is the maximum eigenvalue of the
judgment matrix, and n is the order of the judgment matrix;
RI is predetermined according to the order of the random
matrix and is usually found in the given search table; if CR <
0.1, it is considered that the consistency of the judgment
matrix is acceptable, otherwise it needs to be re-judged.

After the above five steps, the matrix has passed the
consistency test, and the weight calculation results of p, g
and r are 0.5405, 0.2918 and 0.1677 respectively.

Combine the calculated weight with the model to obtain a
prediction model containing the "great coach" effect.

3.4. Choose three other countries to verify the
"Great Coach" effect

To verify the model's accuracy, three volleyball countries
are selected with lower performance: Japan, Serbia, and
Brazil. The results are shown in the Table 3 below:

Table 3. The "Great Coach" effect in volleyball

Country Great coach Gold Silver | Bronze
Brazil Have coach 27.7 44.68 27.62
No coach 0.1 0.08 99.82
Japan Have coach 19.13 11.44 69.44
No coach 0.05 0.29 99.67
Serbia Have coach 22.63 65.42 11.96
No coach 6.46 80.27 13.26

From the Table 3, the analysis can draw the conclusions:

The "Great Coach" effect significantly impacts medal
distribution. For instance, the probability of the Brazilian
volleyball team winning a bronze medal drops from 99.82%
to 27.62% with a great coach, while the chances of winning
gold and silver rise dramatically—from 0.1% to 27.7% for
gold and from 0.08% to 44.68% for silver.

4. Conclusions

This paper proposes an Olympic medal prediction model
integrating linear regression, random forest, LASSO-Logistic
regression and hierarchical analysis method (AHP), which
realizes the systematic analysis of the number of medals, the
probability of winning awards and the effect of the “Great
Coach” through the synergy of multiple algorithms and the
integration of multi-dimensional indicators. The core
advantages of the model are: to improve the prediction
accuracy with the complementarity of linear regression and
random forest, to explore the key influencing factors through
the feature screening mechanism of LASSO-Logistic
regression, and to quantify the social science factors such as
the “coaching effect” into the analytical framework by
combining with AHP, which provides an interdisciplinary
solution for quantitative research in the field of athletic sports.
This provides an interdisciplinary solution for quantitative
research in the field of competitive sports. Firstly, the linear
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regression index system constructed based on the Olympic
data of the previous three years, combined with the random
forest algorithm, realizes the point prediction and interval
prediction of the number of gold, silver and bronze medals of
each country in 2028, which is verified by the real test and
reduces the error by 12.3% compared with that of a single
model; secondly, the LASSO-Logistic regression compresses
irrelevant features through the penalized term and identifies
the core variables such as historical medal trend, participation
scale, etc., so that the prediction accuracy of the probability
of winning a prize can be reduced by 12.3%. Secondly,
LASSO-Logistic regression identifies core variables such as
historical medal trend and participation size by penalizing
irrelevant features, so that the prediction accuracy of award
probability reaches 81.5%. Then, the AHP is used to quantify
the effect of “great coach”, and it is found that its explanatory
power of changes in the medal pattern accounts for 35.8%,
which significantly embodies the coach's role of regulating
the distribution of medals in the cases of Brazilian volleyball
and so on. Finally, the model was cross-validated by multi-
source data fusion and algorithms, forming a decision-making
tool that can be applied to sports strategic planning. Future
research can further incorporate dimensions such as athletes'
psychological indicators and cultural factors of tournament
hosting sites to enhance the model's dynamic explanatory
ability for complex sports phenomena.
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