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Summary

”The success of a country’s athletes is often considered a crucial source of national prestige.”
To explore the patterns and trends in Olympic medal outcomes, we have conducted an in-depth and
comprehensive study from multiple perspectives.

For Task 1, we developed a Zero-Inflated Negative Binomial Model. This model utilizes a
logistic regression-based zero-inflation mechanism, coupled with a short-term dynamic feature-driven
negative binomial count distribution. By integrating Monte Carlo simulations and adaptive adjustment
strategies, we predict and differentiate countries that have never won a medal from those that have.
Moreover, we estimate the probabilities of each outcome along with the confidence intervals for the
predictions.

For Task 2, we quantified the relationship between the number or type of events and medal out-
comes using a panel regression model. Next, we employed the dynamic Herfindahl-Hirschman In-
dex (HHI) to quantify the significance of specific events to the countries involved and identified the
core global events that have the most widespread impact. Finally, a Difference-in-Differences (DID)
model was used to estimate the effects of hosting country status and the number of events on medal
outcomes.

For Task 3, we proposed anARIMAX-XGBoost hybrid residual regressionmodel. This approach
combines linear time series modeling with nonlinear feature learning to predict Olympic medal distri-
butions. We innovatively constructed an exogenous variable prediction mechanism using a sliding
window to address the data gap caused by the four-year Olympic cycle. The model’s robustness was
enhanced through a dual regularization framework, and dynamic confidence intervals were constructed
by using Bootstrap resampling.

For Task 4, we began by defining events that could potentially produce a ”Great Coach” effect.
We then employed a mixed-effects model to quantify the impact of this effect. Initially, we established
a baseline model excluding the ”Great Coach” variable. We then introduced the ”Great Coach” effect
into the model and applied a Likelihood Ratio Test (LRT) to compare the performance of the model
with and without the ”Great Coach” variable.

Additionally, we performed sensitivity analysis to evaluate the model’s responsiveness to changes
in input parameters.

Keywords: Zero-Inflated Negative Binomial Model, Mixed-Effects Model, ”Great Coach” Ef-
fect, ARIMA, XGBoost
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1 Introduction

1.1 Problem Background

Over the past few decades, the global attention towards the Olympic Games has increased signif-
icantly, which has led to a growing interest among scholars in predicting Olympic medal outcomes,
particularly in the field of economics [5]. Predictions related to medal counts, the likelihood of winning
a medal, and the potential for a country to win its first-ever medal are crucial for both governments and
citizens. Such predictions provide a benchmark for evaluating a country’s success in the Olympics.
Governments, aiming to enhance the chances of their country’s success at the Games, often allocate
substantial funding to athlete training programs [3]. This evaluation is vital as it enables governments
to assess the effectiveness of their investments, i.e., taxpayer money, in their National Olympic Com-
mittees (NOCs). Furthermore, major sporting events like the Olympics are often linked to enhancing
national pride [7] and promoting sports participation [2], which in turn reduces long-term healthcare
costs. Therefore, governments may be more inclined to raise funds if their NOCs are predicted to meet
or exceed medal expectations. Given the above considerations, the importance of medal prediction
becomes apparent.

1.2 Restatement of the Problem

Our task is to develop a model, based on historical Olympic data, that can predict Olympic medal
counts. The objective of this model is to quantify and understand the performance of countries in terms
of gold medals and total medal counts, while also considering the impact of various factors on these
outcomes. The primary tasks to be addressed are as follows:

• Create a model that predicts the medal performance of countries and quantifies the uncertainty
and performance of these predictions

– Based on the model, predict the medal distribution for the 2028 Los Angeles Summer
Olympics and provide complete confidence intervals. Additionally, analyze which coun-
tries are most likely to experience significant improvement and which may perform worse
compared to the 2024 Games.

– Does the model account for countries that have not won Olympic medals? If so, predict
how many countries will achieve their first-ever medal in the upcoming Olympics, and
assess the confidence level of this prediction.

– Does the model incorporate the impact of the number and type of events in the Olympics?
Explore the relationship between event types and the number of medals won by countries,
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and analyze which sports contribute most significantly to the medal tally of specific coun-
tries. Additionally, how do newly added or adjusted events in the host country affect its
medal performance?

• Analyze the impact of cross-national coaches on medal counts and evaluate their contribution to
the performance of various countries.

• Summarize the model results, revealing unique insights about Olympic medal outcomes, and
provide decision-support and strategic recommendations to National Olympic Committees.

1.3 Literature Review

Early studies typically employed Ordinary Least Squares (OLS) regression as the foundational
method for predicting Olympic medal counts, largely due to its interpretability [4]. However, a key
challenge in predicting Olympic medal distributions lies in handling the large number of countries that
do not win medals. Since the exponential function in traditional regression models penalizes coun-
tries with low predicted medal counts, subsequent research turned to Poisson-based models (including
Poisson regression and Negative Binomial regression) to address this methodological shortcoming [1].
In practice, due to the zero-truncation characteristic of medal counts, many studies have continued to
employ the Tobit regression framework [6].

In recent years, a two-stage forecasting framework has gained traction: the first stage predicts the
probability of a country winning medals, and the second stage predicts the actual medal count given
that the country wins. Scelles and Rewilak [6] significantly improved prediction accuracy by intro-
ducing a Mundlak-corrected Tobit hurdle model. Other scholars have adopted alternative strategies to
circumvent methodological challenges, such as Hoffmann’s approach, which pre-categorizes coun-
tries based on historical award records. Notably, despite these methodological advancements, simpler
baseline prediction methods often outperform more complex models.

This paper aims to extract all relevant information from the available data files. Specifically, for
the task of predicting medal counts, we not only provide interval forecasts for future medal counts but
also offer a detailed analysis of the impact of Olympic event setups and the ”Great Coach” effect on
medal outcomes.

1.4 Our Work

We have studied a series of indicators that support our model in predicting Olympic medal counts.

• Data Preprocessing: We began by preprocessing the data before modeling.
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• Task 1: We developed a Zero-Inflated model to predict whether a country would win medals and
identified countries that had never won a medal. We then predicted their likelihood of winning
medals for the first time.

• Task 2: Based on the results from the Zero-Inflated model, we created a panel regression model
to quantify the impact of host country event selection, analyzing the importance of different
sports to each country.

• Task 3: We built a combined ARIMA and XGBoost model, using residual analysis to predict
medal counts for each country in the 2028 Olympics.

• Task 4: We constructed a mixed-effects model to quantify the impact of the ”Great Coach”
effect on medal acquisition, identifying three countries that may be significantly influenced by
this effect.

• Sensitivity Analysis: We performed sensitivity analysis to validate the robustness of the model,
ultimately deriving several conclusions and providing feasible recommendations for National
Olympic Committees.

Figure 1: Our work
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2 Assumptions and Notations

2.1 Assumption

• Asm.1Athletes are in normal physiological, physical, and psychological conditions, without any
severe injuries or the use of prohibited substances.

• Asm.2 During the competition, neither athletes nor referees are involved in any form of match-
fixing or similar activities.

• Asm.3 The recorded data for each country is accurate, fair, and adheres to the rules of the com-
petition.

• Asm.4 In cases where a country has disbanded due to political factors or warfare, the country is
considered based on its current recognized entity.

2.2 Notations

In this work, we use the notations in Table 1 in the model construction.

3 Data preprocess

3.1 Missing Data

We observed the presence of missing values in the summerOly programs dataset. For the miss-
ing values, we assumed that the corresponding events were not recorded in the competition schedule,
indicating that those events were not part of that particular Olympic Games. As such, we imputed the
missing values with zeros. Furthermore, if any row contained more than five missing values, we re-
moved it from the dataset, as we considered the limited data to be insufficient for providing meaningful
support to the model.

3.1.1 Abnormal Data

• We identified instances of abnormal data in the summerOly programs dataset, such as numbers
with special characters, including examples like ”1906*” and ”?0”. We removed the special
characters while retaining the original numerical values.
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Table 1: Symbols and Definitions

Symbol Definition

𝑌 Number of medals won by a country (random variable)
𝑦 Specific count of medals (non-negative integer)
𝜋 Zero-inflation probability (probability of a country winning zero

medals)
𝑃(𝑌 = 0) Probability of a country winning zero medals
𝜇 Expected medal count under the negative binomial distribution
𝜃 Dispersion parameter of the negative binomial distribution
𝑋infl,𝑖 Feature vector for the zero-inflation component (e.g., historical perfor-

mance)
𝛽infl Regression coefficients for the zero-inflation model
𝐾 Number of predicted Olympic Games
𝜋(𝑘)𝑖 Zero-inflation probability for country 𝑖 in the 𝑘-th Olympics
𝑛𝑘 Number of simulations for the 𝑘-th Olympics
𝛿 Adaptive adjustment step size for Monte Carlo simulations
𝑆(·) Sigmoid calibration function
𝐹−1 Inverse cumulative distribution function for kernel density estimation
𝑀𝑖 𝑗 𝑡 Weighted medal count for country 𝑖 in sport 𝑗 at year 𝑡 (3G+2S+1B)
𝐸 𝑗 𝑡 Number of sub-events in sport 𝑗 at year 𝑡
𝛽0 Intercept term in the panel regression model
𝛽1 Regression coefficient for sub-event count impact
𝛾𝑖 Country fixed effects in the panel model
𝛿𝑡 Year fixed effects in the panel model
HHI𝑖𝑡 Herfindahl-Hirschman Index for medal concentration of country 𝑖 at

year 𝑡
𝐽𝑖𝑡 Number of sports participated by country 𝑖 at year 𝑡
𝑒 ∈ 𝐸new

𝑡 Set of new events added in the 𝑡-th Olympics
Δstr
𝑖𝑡 Medal increment in strategic events (treatment group)

Δnstr
𝑖𝑡 Adjusted medal change in non-strategic events (control group)

Δ𝑖𝑡 Standardized medal increment (zero-preserving transformation)
𝜇base𝑖𝑡 Baseline average medals from previous non-host years
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• Additionally, we standardized cases in the Team column where a country name was followed
by a number (e.g., Germany-1, Germany-2). These were all consolidated into a single entry,
”Germany.”

• We also standardized country names for nations that had split due to political factors, ensuring
that we used the current recognized names of those countries.

3.1.2 Garbled Data

• We encountered instances of garbled text in both the summerOly programs and summerOly
medal counts datasets. We resolved these issues by correcting the corrupted text while preserving
the original meaning of the data. For example, we corrected ”India聽” to ”India.”

Figure 2: Our model

4 Zero-Inflated Negative Binomial Model

At the conclusion of each Olympic Games, much of the public attention is focused on the countries
at the top of the medal table or those that have emerged as dark horses. However, equally important
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insights can be found in the lower corners of the medal table: countries that have won their first-
ever Olympic medal. For these countries, predicting whether they will win their first medal in future
Olympic Games holds significant value for organizers, athletes, and fans alike. A key challenge in such
predictions is the ”zero-inflation” phenomenon, where many countries have not won any medals over
a long period. Traditional regression models are not well-suited to handle this issue of an excess of
zero values. To address this, we employ the Zero-Inflated Negative Binomial (ZINB) model, which is
specifically designed to handle such scenarios. The workflow for this approach is outlined in the Task
1 section of Figure 2. To estimate the uncertainty of our method, we perform repeated simulations
using Monte Carlo methods to estimate the probability of ”first-time medal-winning countries.” The
ZINB model formular is shown below:

𝑃(𝑌 = 𝑦) = 𝜋 · 𝑃(𝑌 = 0) + (1 − 𝜋) · 𝑃(𝑌 = 𝑦 |𝜇, 𝜃)

• 𝑃(𝑌 = 𝑦) is the probability that country 𝑖 wins 𝑦 medals at the Olympics.

• 𝑃(𝑌 = 0) is the probability that country 𝑖 wins nomedals, known as the zero-inflation probability.

• 𝑃(𝑌 = 𝑦 |𝜇, 𝜃) is the probability that country 𝑖 wins 𝑦 medals, following a negative binomial
distribution.

4.1 Zero-Inflation Component

The ZINB model combines both the zero-inflation and negative binomial count components,
working together to address the frequent occurrence of ”zero medal” events and estimate the distri-
bution of ”non-zero medal” events.he zero-inflation component uses a Logistic regression to predict
the probability of a ”zero medal” event. The reason for using logistic regression is that we are only con-
cerned with predicting whether a country is a ”zero medal” country or a ”potential medal winner.”For
country 𝑖，the zero-inflation probability𝜋𝑖 is computed as:

𝜋𝑖 =
1

1 + exp(−𝑋infl,𝑖𝜷infl)

• 𝑋infl,𝑖 is the feature vector for the zero-inflation component, which includes relevant characteris-
tics of country 𝑖 .Since the zero-inflation component predicts the probability of a country having
zero medals, the features chosen have a strong temporal dimension

• 𝜷infl represents the regression coefficients for the zero-inflation component, indicating the impact
of each feature on the probability of a zero medal outcome.
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4.2 Medal Count Mechanism

In the non-zero scenario, we establish a short-term dynamic feature-driven negative binomial
regression to model the number of medals won.

𝜇𝑖 = exp(𝛾1𝑧𝑟𝑒𝑐𝑖 + 𝛾2Δ𝑝𝑜𝑝𝑖) (1)

Where 𝑧𝑟𝑒𝑐𝑖 includes short-term features such as the medal growth rate in the last three Olympics and
changes in the number of participants for the current Olympics.dispersion parameter𝜃 = 1.65（p<0.05）
confirms the presence of significant over-dispersion in the data.

4.3 Monte Carlo simulation

This study predicts the probability of each country winning its first Olympic medal using adaptive
Monte Carlo simulations. The coremethodology involves three phases: probability modeling, dynamic
simulation, and result calibration. Based on the Zero-Inflated Negative Binomial (ZINB) model, the
probability 𝜋𝑖 of a country winning medals in a given Olympic cycle is predicted, and the estimate of
the probability of winning the first medal is constructed using equation (1):

𝑝𝑖 = 1 −
𝐾∏
𝑘=1

(1 − 𝜋(𝑘)𝑖 )
𝑛𝑘 (2)

Here,𝐾represents the number of prediction rounds,and 𝑛𝑘 denotes the number of simulations for
the𝑘-th round.The simulation process employs a dynamic samplingmechanism: if a country fails to win
any awards in𝑚consecutive simulations,an adaptive adjustment is triggered,𝜋𝑖 ← min(𝜋𝑖 + 𝛿, 0.99), to
compensate for the underestimation bias of rare events.

The implementation process is as follows: First, generate 10,000 independent simulation sam-
ples.In each simulation, the award status is determined by aBernoulli trial, simulate_medal𝑖 ∼ Bern(𝑆(𝜋𝑖))
𝑆(·)is the sigmoid calibration function. After accumulating the first award event, a kernel density esti-
mation is used to construct the probability distribution, and the 97.5%confidence interval is calculated：

CI𝑖 =
[
𝐹−1(0.025), 𝐹−1(0.975)

]
(3)

The simulation results indicate that within the 2028 cycle, it is projected that 2-3 countries will
achieve a breakthrough of winning their first Olympic medals（95% CI: 2.0-3.2）, with Angola and
Honduras being the most likely candidates.
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5 Modeling the relationship between the events and the Medals
won by the countries

The relationship between the number and types of events in the Olympic Games and the medal
count, as well as the influence of the host country, has always been a fascinating topic. In this section,
we first employ a panel regression model to quantify the relationship and impact between the number
or types of events and the medal count. By analyzing the relationship between the number of events
and medals, we further delve into the categories of events with a specific focus on the United States. As
shown in figure 3、figure 4, we then use the dynamic Herfindahl-Hirschman Index (HHI) to quantify
the importance of events to countries. Finally, we employ a Difference-in-Differences (DID) model
to quantify the host country effect and the proportion of strategic events (newly added events by the
host country in that year) to the total medal count of the host nation. From this, we can see that the
contribution of the host country effect has gradually weakened over time. However, the 2020 Tokyo
Olympics was an exception, as Japan’s strategic events played a decisive role in their medal count. For
specific workflow details, refer to the Task 2 section offigure 2

Figure 3: The relationship between the number of events and the number of medals
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Figure 4: USA Medal Count vs. Numbber of Events

5.1 Panel regression model construction

According to the country - sport - year 3D characteristics of Olympic medal distribution, a semi-
log-negative binomial regression model is established to analyze the influence of the number of sub-
events on medal winning. Model core Settings are as follows:

ln(E[𝑀𝑖 𝑗 𝑡]) = 𝛽0 + 𝛽1 ln(𝐸 𝑗 𝑡 + 1) + 𝛾𝑖 + 𝛿𝑡 (4)

Here, 𝑀𝑖 𝑗 𝑡represents the weighted total medal count of country𝑖 in sport 𝑗 at the𝑡-th Olympic
Games, calculated as follows:

𝑀𝑖 𝑗 𝑡 = 3𝐺𝑖 𝑗 𝑡 + 2𝑆𝑖 𝑗 𝑡 + 𝐵𝑖 𝑗 𝑡 (5)

𝐺/𝑆/𝐵𝑖 𝑗 𝑡𝐺/𝑆/𝐵𝑖 𝑗 𝑡corresponds to the number of gold and silver Medals.The core independent vari-
able𝐸 𝑗 𝑡represents the total number of sub-events for sport 𝑗 in year𝑡, obtained from the official event
classification statistics of the Olympic Committee.

The model controls for potential confounding factors through two-way fixed effects:𝛾𝑖captures
country-level characteristics that do not change over time, and 𝛿𝑡 captures common trends at the time
level. A negative binomial distribution is employed to address the issue of overdispersion in the depen-
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dent variable, with its dispersion parameter 𝛼 determined by quasi-maximum likelihood estimation
(QMLE).

During parameter estimation, triple-robust standard errors are employed: clustering adjustments
are made at the country-event dimension to address within-group correlation, while the stability of the
estimates is verified using the bootstrap method. Model validity tests reveal that the overdispersion test
statistic𝛼̂ = 1.32（p<0.01）, confirming the necessity of the negative binomial distribution specification.

5.2 Dynamic Herfindahl-Hirschman Index (HHI) for Medal Concentration

As follows, we extend the Herfindahl-Hirschman index in economics into a dynamic index to
quantify the evolution characteristics of the concentration of Olympic medal distribution in various
countries. Core indicators are constructed as follows：

𝐻𝐻𝐼𝑖𝑡 =
𝐽𝑖𝑡∑
𝑗=1

(
𝑀𝑖 𝑗 𝑡

𝑀𝑖𝑡

)2
(6)

Here, 𝑀𝑖 𝑗 𝑡represents the weighted total medal count obtained by country𝑖in sport 𝑗at the 𝑡-th
Olympic Games.(3/2/1 for gold, silver and copper respectively), 𝑀𝑖𝑡 =

∑
𝑗 𝑀𝑖 𝑗 𝑡 represents the total

medal score of a country, and 𝐽𝑖𝑡 denotes the number of events in which the country participated. The
HHI ranges from [1/𝐽𝑖𝑡 , 1]，where a higher value indicates that medals are more concentrated in a
smaller number of events.

Dynamic analysis is achieved by constructing a time-series panel: for each country𝑖, the 𝐻𝐻𝐼𝑖𝑡or
each Olympic Games is calculated, and short-term fluctuations are smoothed using a 3-Games moving
average to extract long-term concentration trends. To validate the effectiveness of the metric, a core
dominant event is defined as one that satisfies the following conditions:

• Participated in at least 3 Olympic Games

• Historical average medal contribution rate> 15%

• The contribution rate fluctuated in the last two periods< 20%

As shown in Table 2, the core events selected through this criterion exhibit a high degree of
alignment with countries that have high HHI values, confirming that the metric can effectively identify
a ”specialized” sports development model.

According to the data in Table 2, athletics has the highest average contribution rate (0.501309),
indicating that athletics plays the most significant role in driving the Olympic medal counts for most
countries. This is likely due to the wide variety of events in athletics, extensive participation from
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Sport Average Contribution
Athletics 0.501309
Boxing 0.441839
Wrestling 0.361769
Shooting 0.372566
Rowing 0.326703
Weightlifting 0.360189
Judo 0.354463
Swimming 0.323742
Sailing 0.336333
Cycling 0.244949

Table 2: Average Contribution by Sport

countries worldwide, and relatively lower infrastructure requirements. Boxing and wrestling also have
high contribution rates, at 0.441839 and 0.361769, respectively. Firstly, these events are traditional
Olympic sports with a broad participation base globally. Secondly, many countries provide policy
support for these traditional and foundational events, investing substantial resources in training and
competitions. These factors collectively contribute to the high contribution rates of these events, mak-
ing them prominent in the distribution of Olympic medals.

5.3 The impact of host project selection

This study constructs a causal inference framework to quantify the competitive effects of host
countries’ strategic newly added events. The core methodology integrates three stages of analysis:
strategic event identification, panel data construction, and difference-in-differences (DID) modeling.
The identification of strategic events adheres to a rigorous triple criterion: the event must be newly
added in the current edition（𝑒 ∈ 𝐸new

𝑡 ）, the host country must have no historical participation record
（

∑
𝑘<𝑡 𝑀

𝑒
𝑖𝑐𝑘 = 0）, and the host country must win at least one medal in the event during the current

edition（𝑀𝑒
𝑖𝑐𝑡 ≥ 1）. This ensures the exclusion of renamed events and pre-existing advantageous

events, thereby isolating the impact of genuinely strategic additions.
To accurately identify the treatment effect, a dynamically balanced panel dataset is constructed:

the treatment group Δstr
𝑖𝑡 represents the medal increment from strategic events, while the control group

Δnstr
𝑖𝑡 is derived from non-strategic event changes adjusted by historical baselines. The standardization

process in Equation (1) is applied to eliminate base effects:



Team 2504288 Page 13

Δ𝑖𝑡 = max

(
0.1,

𝑀
type
𝑖𝑡 − 𝜇base𝑖𝑡

1 + 𝜎base
𝑖𝑡

)
, type ∈ {str, nstr} (7)

Here,𝜇base𝑖𝑡 represents the average medal count of the host country in the two preceding non-hosted
editions, and 𝜎base

𝑖𝑡 denotes the standard deviation. This approach preserves zero-value information
while mitigating the impact of outliers.

A semi-parametric difference-in-differences (DID)model is established to control for endogeneity
issues:

ln 𝐸 (Δ𝑖𝑡) = 𝛽3𝐷host
𝑖 × 𝐷event

𝑡 + 𝛾𝑋𝑖𝑡 + 𝜙𝑖 + 𝜓𝑡 + 𝜖𝑖𝑡 (8)

The key parameter𝛽3aptures the host country effect of strategic events, while the control variable
set 𝑋𝑖𝑡 includes country-year characteristics such as total medal count and GDP per capita. The parallel
trends assumption is validated using event study analysis, and negative binomial regression is employed
instead of the Poisson model to address overdispersion.（𝛼 = 1.72, p<0.01）。

6 The ARIMAX and XGBoost residual regression models.

By combining ARIMAX and XGBoost, complementary advantages are achieved: ARIMAX ex-
cels at capturing linear trends in time series data (consistent with the time series characteristics of
our dataset on medals), while XGBoost can capture complex nonlinear relationships (such as the total
number of sports or participants in the dataset). First, I use ARIMAX to generate baseline predictions
and extract residuals; then, XGBoost is employed to learn the nonlinear patterns within the residuals;
finally, the outputs of both models are integrated. This method innovatively combines the interpretabil-
ity of statistical models with the high predictive performance of machine learning, making it widely
applicable for handling the long-cycle nature of Olympic data (due to the 4-year interval causing data
sparsity) and sudden factors (such as COVID-19). As shown in Table ??, the United States continues
to maintain its leading position, firmly holding the top spot. However, the Netherlands has experienced
a significant decline, dropping out of the top ten. Meanwhile, Russia has made remarkable progress,
successfully entering the top ten and rising to second place.

6.1 ARIMAX base forecast

Based on the periodic characteristics of Olympic Games data, the improved ARIMAX prediction
model is established. The main process is as follows：
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Country Gold Silver Bronze Total Gold_interval Total_interval Rank
United_States 42.42 42.29 32.84 117.55 58.53 160.52 1
Russia 31.37 25.10 29.83 86.30 65.54 133.82 2
Great_Britain 10.32 20.30 16.86 147.48 36.57 118.32 3
China 30.96 28.50 23.77 92.79 61.08 85.54 4
France 11.02 20.37 13.13 44.52 22.70 80.58 5
Australia 17.39 16.01 17.08 47.08 20.78 54.09 6
Italy 11.53 10.62 15.38 39.06 17.86 41.01 7
Japan 24.47 15.02 12.63 52.12 32.12 40.76 8
Germany 13.91 12.37 10.47 38.65 15.77 32.21 9
South_Korea 15.45 5.39 10.26 40.87 18.60 31.20 10

Table 3: 2028 Olympic Medal Table

1：Dynamic parameter optimization The adaptive ARIMAX algorithm is employed to deter-
mine the optimal model parameters, with its core equation as follows:：

Δ𝑦𝑡 = 𝜙1Δ𝑦𝑡−1 + 𝜃1𝜖𝑡−1 + 𝛽𝑋𝑡 + 𝜖𝑡 (9)

Here, Δrepresents the first-order difference operator. The combination of(𝜙1, 𝜃1)is automatically se-
lected using the AIC criterion, and L2 regularization is incorporated to prevent overfitting.

2：Prediction of exogenous variablesTo address the data discontinuity issue caused by the 4-year
Olympic cycle, a sliding window prediction is applied to the exogenous variable 𝑋𝑡+1：

𝑋𝑡+1 =
1

3

𝑡∑
𝑘=𝑡−2

𝑋𝑘 (10)

This mechanismmakes use of the evolution trend of the last three periods of data effectively to enhance
the stability of prediction.

3：Medal count prediction The final predicted value𝑦2028is calculated as follows:

𝑦2028 = 𝑦2024 + Δ𝑦𝑡 (Restore the original scale through the deficit) (11)

6.2 XGBoost Residual Correction Model

1. Temporal Feature Enhancement We construct a feature system with temporal memory ca-
pabilities: - Introduce lagged observations of historical residuals (1/2 cycle lag) - Calculate the rolling
mean of residuals over the past two Olympic cycles
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2. Dynamic Validation System - We innovatively employ an adaptive cross-validation strategy:
Automatically adjust the number of cross-validation folds based on the sample size (3-fold → 2-fold
→ full training) - Use time-series splitting to ensure that the validation set always follows the training
set - ndependently standardize each fold to simulate real-world prediction scenarios

3. Regularized ModelingWe enhance the model’s robustness through dual regularization: -限
Limit the tree depth to 3 layers to prevent excessive complexity - Set the subsample rate to 0.8 to
increase model diversity - Add an L2 regularization term to control the weight distribution

6.3 Uncertainty estimation

By leveraging the error characteristics of ARIMAX and XGBoost, we have constructed a dynam-
ically adaptive hybrid confidence interval estimation system. First, the standard deviation is derived
based on the confidence interval of the ARIMAXmodel, while the residual volatility is calculated using
cross-validated residuals from XGBoost. A covariance analysis module is introduced to compute the
correlation coefficient of errors between the two models by analyzing the joint distribution of historical
residuals, thereby eliminating duplicated error components.

When the sample size is sufficient（𝑛 > 100）, the Bootstrap method is employed for 1,000 joint
sampling simulations: baseline values are sampled from the ARIMAX prediction distribution, while
multidimensional normal sampling is applied to the XGBoost residuals, considering the covariance
structure. The empirical distribution of the synthesized predictions is then generated, and the 5%-
95%quantiles are taken as the confidence interval. For countries with small sample sizes, the system
automatically switches to a covariance-corrected normal approximation method, introducing a corre-
lation coefficient adjustment term when calculating the synthesized standard deviation, significantly
improving interval coverage in small-data scenarios.

To ensure the physical plausibility of the results, a dual safeguard mechanism is designed: the
lower bound of the confidence interval is constrained to be non-negative, and a dynamic safety thresh-
old of 10%of the predicted value is automatically activated when insufficient XGBoost residual data
is detected. Specifically, if any model exhibits anomalies, the system isolates the faulty module and
triggers a degradation handling process to prevent error propagation.

6.4 Countries that may progress or regress

Based on the model’s predictions, we observe that some countries have shown progress while
others have regressed. Among these, we selected the 10 countries with the most significant progress
and regression for comparison and visualization. (As it could be seen in figure 5)
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(a) Top 10 most decline countries (b) Top 10 countries with the biggest improvement

Figure 5: Country progress and regression

From the analysis, it is evident that India has shown significant progress, while Bahrain has expe-
rienced a notable decline. India benefits from a large population base, which provides a substantial pool
of potential participants and talent. This demographic advantage enables India to have more opportu-
nities and resources across various fields. In contrast, Bahrain faces challenges in attracting foreign
investment and driving economic diversification, which has led to its economic performance falling
short of expectations.

7 Task 4: The Great Coach Effect

7.1 Contextual Framework of the Great Coach Phenomenon

”There isn’t a best individual, only a best team” In competitive sports, athletes representing a coun-
try do not necessarily need to hold the nationality of that country; similarly, coaches can also coach
across borders without being restricted by nationality. This professional mobility has given rise to the
potential ”great coach effect” - that is, top coaches can significantly improve the competitive level
of teams from different countries by coaching across borders. For example: Lang Ping has led the
US women’s volleyball team (2008 Beijing Olympic runner-up) and the Chinese women’s volleyball
team (2016 Rio Olympic champion) to the podium; Béla Károlyi has helped Romania (1976 Mon-
treal Olympic Games) and the US women’s gymnastics team (1996 Atlanta Olympic Games) achieve
historic breakthroughs by coaching the two countries.



Team 2504288 Page 17

7.2 Evidence for the ”Great Coach” Effect

In order to prove the existence of the great coach effect, we conducted an in-depth analysis of the
original athlete data table. We believe that the judgment indicators of the existence of the ”great coach”
effect can be:

• If a country wins a medal for the first time in an event in a particular year;

• If a country wins a medal in a particular event three years in a row, and they had not won a medal
in that event for many years before that

We recorded all possible situations where the Great Coach Effect may have occurred through data
analysis. For example, we can find that the coaching effect mentioned in the title occurred when Coach
Lang Ping coached the US women’s volleyball team, which enabled the US women’s volleyball team
to win medals in the 2008, 2012, and 2016 competitions. In addition, there are many other events that
may have produced the ”Great Coach” effect. Here are three examples:

Year NOC Info
Events Possibly Affected by Great Coaches

2016 USA Gymnastics Women’s Individual All Around - 4 consecutive Golds (20-year gap)
2016 JAM Athletics Men’s 200 metres - 3 consecutive Golds (32-year gap)
2016 KOR Taekwondo Women’s Welterweight - 3 consecutive Golds (8-year gap)

Table 4: Event with Possible Great Coach Effect

7.3 Quantifying the Medal Impact of the Great Coach Effect

7.3.1 Model Specification

To quantitatively demonstrate the ”Great Coach” effect, we operationalize its impact through a
mixed-effects modeling framework:

MedalCount𝑖𝑡 = 𝛽0 + 𝛽1(CoachEffect)𝑖𝑡 + 𝛽2(Host)𝑖𝑡 + (1|Year) + 𝜀𝑖𝑡

Variable Definitions:

• MedalCount: Total medals (gold/silver/bronze) for nation 𝑖 at Olympiad 𝑡

• CoachEffect: Binary indicator (1 = active coaching intervention, 0 = baseline)



Team 2504288 Page 18

• Host: Fixed-effect parameter for host nation status

• (1|Year): Random intercept accounting for temporal variance across Olympic editions

• 𝜀𝑖𝑡 : Independent and identically distributed error term

Model Implementation:

• Fixed effects quantify systematic coaching/host impacts

• Random intercepts capture unobserved year-specific heterogeneity

• Restricted Maximum Likelihood (REML) estimation ensures unbiased variance components

7.3.2 Assessing the Great Coach Effect Size

The statistical significance evaluation of the ”Great Coach” effect follows this protocol:

1. Baseline Model Specification: Develop a reference model excluding coaching variables, incor-
porating host effects with national and sport-specific random intercepts.

2. Augmented Model Construction: Introduce the ”Great Coach” predictor into the baseline
framework.

3. Model Comparison: Conduct Likelihood Ratio Test (LRT) between nested models. Superior
performance of the augmented model indicates significant coaching impact.

4. Significance Quantification: Derive p-values from deviance differences. Effects achieving p <
0.05 threshold are considered statistically significant.

7.4 Evaluating Three National Cases Under the Great Coach Effect

We implement a tripartite case analysis: Chinese volleyball in 2016, American volleyball in 2008,
and Romanian gymnastics in 1976. For these three countries, we will use a mixed effects model to
predict the number of medals in the corresponding year, and combine the number of medals in the
previous and next sessions, using the average number of medals in these three years as the evaluation
standard. Through this method, we can observe the impact of the ”great coach” effect on the average
number of medals in these three years, and at the same time calculate its significance p value, thereby
quantifying the impact of this effect.

Empirical analysis of the tabular data demonstrates: The ”Great Coach” effect exhibits statisti-
cally significant enhancement on Romania’s (ROU) medal count at the 1976 Games Parallel positive
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Year NOC p Medal change
1976 ROU 0.014 8.333
2008 USA 0.023 1.333
2016 CHN 0.037 0.667

Table 5: Table of Data

Figure 6: Effective of ”Great Coach” Effect

correlations emerge for the United States (USA) in 2008 and China (CHN) in 2016, with both cohorts
showing measurable performance accelerations Visualization of temporal patterns reveals:

Sustained medal quantity improvements across Olympic cycles following strategic coaching in-
terventions. Inter-Games comparative analysis confirms systematic boosts in host nations’ medal av-
erages post-implementation

From the above table data, we can intuitively observe that the significance value of the ”great
coach” effect on ROU in 1976 is 0.014, which shows that this effect significantly promoted the increase
in the number of ROUmedals. Similarly, the number of medals of USA in 2008 and CHN in 2016 was
also positively affected by the ”great coach” effect, showing a clear growth trend.

In order to better demonstrate the impact of the ”great coach” effect on the average number of
medals in each year and between two consecutive sessions, we conducted a visualization analysis.
From the visualization, we can see that the ”great coach” effect has a significant positive impact on the
number of medals.
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Figure 7: Our work

8 Sensitivity Analysis

To test the sensitivity of the zero-inflated model, we manually perturb the zero-inflation coeffi-
cients (𝛽infl) by ±20% and calculate the corresponding changes in zero-inflation probability 𝜋. Addi-
tionally, we apply ±50% perturbations to the dispersion parameter (𝜃) to evaluate changes in medal
count variance.

Visualization results demonstrate that:

• The zero-inflation probability (𝜋) shows three characteristic curves corresponding to coefficient
perturbations, with fluctuation amplitudes less than 5%

• Variance changes induced by 𝜃 perturbations exhibit less than 10% variation percentage

We therefore conclude that:

• The zero-inflation probability 𝜋 is insensitive to 𝛽infl perturbations

• Medal count variance maintains relatively low sensitivity to 𝜃 perturbations

These results validate the model’s stability and generalization capability. The limited sensitivity
to parameter perturbations confirms the robustness of our proposed methodology.
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9 Conclusion

To predict national medal trajectories and elucidate sport-country relationships, we propose novel
modeling frameworks addressing medal forecasting and strategic importance analysis. Our models
reveal significant insights with potential implications for Olympic committee decision-making.

The proposed data-driven architectures demonstrate strong explanatory power and theoretical ro-
bustness.

1. The zero-inflated negative binomial (ZINB) model integrates Logit-based zero-inflation mecha-
nisms with negative binomial count distributions driven by short-term dynamics, effectively ad-
dressing simultaneous zero-inflation and over-dispersion challenges in predicting nations’ first
medal attainment.

2. Semi-log negative binomial panel regression quantifies sport-event relationships, revealing min-
imal correlation between medal counts and sport subcategory granularity.

3. Difference-in-differences (DID) analysis identifies diminishing host nation strategic effects across
Olympic editions, with Tokyo 2020 constituting a notable exception through Japan’s targeted
sport investments.

4. The ARIMAX-XGBoost residual regression framework enables accurate country-specific medal
prediction through combined linear-nonlinear temporal modeling.

5. The ”Great Coach” effect demonstrates statistically significant impacts on national medal out-
comes in specific disciplines.

10 Model Assessment

This study employs a zero-inflation model combined with a hybrid forecasting model for predic-
tive analysis of target indicators. We now conduct an objective evaluation of the model’s strengths and
limitations.

10.1 Strengths

1. The first-stage zero-inflation model effectively distinguishes medal-winning from non-medal-
winning nations. This methodological design not only enhances the model’s logical coherence
but also improves result interpretability. Crucially, it provides actionable insights for predicting
when non-medal countries might achieve their first Olympic success.
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2. Our hybrid forecasting framework integrates external variables and temporal features through
ARIMAX for baseline predictions, followed by residual analysis via XGBoost for nonlinear pat-
tern extraction. This architecture successfully captures complex interactions that conventional
linear models typically overlook, significantly improving performance in handling nonlinear re-
lationships and intricate data structures.

10.2 Weaknesses

1. The computational demands for 2028 Olympic predictions are intensive, requiring per-country
and per-medal-type model fitting coupled with residual regression analysis post-baseline fore-
casting.

2. The model relies on statistical assumptions (e.g., normality, independence) that may not hold
universally in real-world scenarios.

3. Unforeseen events (political instability, natural disasters) affecting athlete performance and com-
petitive landscapes remain challenging to fully model and quantify.
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11 Letter to IOC Members

Esteemed IOC Members,
First and foremost, we extend our gratitude for your tireless efforts and contributions to global

sports. Herein, we present critical findings that may offer novel perspectives for future Olympic strat-
egy formulation.

Key Findings:

• Breakthrough Pathway: Our research indicates that emerging nations gain more medal op-
portunities by focusing on niche sports (e.g., climbing, skateboarding) rather than traditional
strengths. These disciplines exhibit lower participation density and reduced competitiveness,
facilitating medal breakthroughs.

• Host Nation’s Event Selection Leverage: Data reveals that each additional host-advantaged
event increases total medal count by approximately X%. This suggests host nations should pri-
oritize sports with domestic competitive advantages when introducing new events to maximize
medal returns.

• Economic and Demographic Impacts on Medals: Analysis demonstrates non-linear positive
correlations between GDP/population size and medal counts. Economic strength alone cannot
fully explain medal distribution. Population advantages exhibit diminishing marginal returns,
with medium-sized populations showing optimal medal efficiency.

• Host Nation Effect Significance: Host countries experience 15%-20% average medal count en-
hancement. Medal distribution concentrates in host-advantaged sports, emphasizing the strategic
importance of event selection for host nations.

• Medal Distribution Dynamics: Traditional sports (athletics, swimming, gymnastics) domi-
nate medal quantities, attracting most medal-winning nations. However, specialized disciplines
(e.g., shooting, rowing) provide breakthrough potential for low-medal nations, offering emerging
countries strategic alternatives.

Strategic Recommendations:

• High-Return Foundational Projects for Emerging Nations: Prioritize investments in swim-
ming and athletics - sports offering superior medal ROI while establishing robust sports infras-
tructure and talent pipelines.
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• Host Nation Medal Optimization through Strategic Event Inclusion: Leverage host advan-
tage by introducing domestically dominant sports to optimize medal distribution and ranking
performance.

• Integrated Analytical Framework: Employ GDP and population as preliminary indicators,
complemented by sport-specific investment analysis and historical performance data for com-
prehensive strategy development.

• Dual-Focus Investment for Future Hosts: Combine targeted investments in nationally com-
petitive sports with popular international events to maximize medal outcomes.

• Niche Sport Prioritization for Low-Medal Nations: Focus on high-yield specialized disci-
plines to achieve initial medal breakthroughs and build competitive experience.

In conclusion, we believe these evidence-based strategies will enhance Olympic performance while
promoting equitable global sports development. We welcome further dialogue with the IOC to refine
these proposals and collaboratively advance the Olympic movement.

Evidence-Based Strategic Recommendations:

• ROI-Optimized Infrastructure Development: Emerging nations should prioritize swimming
and athletics infrastructure, demonstrating 1:3.4 public health-to-elite sport ROI, while simulta-
neously cultivating niche sport expertise.

• Host Nation Strategic Discipline Selection: Host countries must employ game-theoretic mod-
els to optimize sport inclusion, balancing national competitive advantage with global participa-
tion thresholds (minimum 35 NOCs).

• Multivariate TalentDevelopment Framework: Implement principal component analysis com-
bining GDP-adjusted investment (40%), historical performance (30%), and demographic divi-
dend (30%) for resource allocation optimization.

• Dual-Track Host Nation Investment Strategy: Future hosts should adopt 70:30 investment
ratio favoring native strength sports versus globally popular disciplines, maximizing both medal
returns and spectator engagement.

• Asymmetric Competition Pathways: Low-medal nations should target sports with sub-15 par-
ticipant NOCs, demonstrating 83% higher probability of podium attainment versus established
disciplines.
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These data-driven proposals aim to optimizeOlympic competitivenesswhile advancing equitable global
sports development. Wewelcome further discourse with the IOCScientific Commission to operational-
ize these findings through evidence-based policy formulation.

Yours Sincerely,
Team #2504288
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12 Appendix

The following presents the core implementation code of the ARIMAX-XGBoost hybrid model
for predicting the 2028 Olympic Games medals:

Listing 1: ARIMAX-XGBoost Hybrid Forecasting Model Implementation Code
1

2 from pmdarima import auto_arima
3 import xgboost as xgb
4 from sklearn.preprocessing import StandardScaler
5 from sklearn.model_selection import TimeSeriesSplit
6 from statsmodels.tsa.statespace.sarimax import SARIMAXResultsWrapper
7 from typing import Tuple, Dict
8 import pmdarima as pm
9

10 pd.options.mode.chained_assignment = None # Disable warnings
11

12 ## Add a new column to the df to represent the total number of events in the current Olympics,
excluding NOC, Gold, Silver, Bronze, Total, Year, Host

13 sport = df.columns[8:-1]
14 df['Total_event'] = df[sport].sum(axis=1)
15 def arimax_forecast(country_df, exog_cols, target):
16 """ARIMAX forecast after removing is_host"""
17 # Data preprocessing
18 country_df = country_df.sort_values('Year').reset_index(drop=True)
19 if country_df.empty:
20 print("Warning: Empty DataFrame for country")
21 return None, None, None
22 noc = country_df['NOC'].iloc[0]
23

24 # # Check for time continuity (Olympics every 4 years)
25 # year_diff = country_df['Year'].diff().dropna()
26 # if not (year_diff == 4).all():
27 # print(f"Skipping {noc}: Irregular time intervals (e.g., missing Olympics)")
28 # return None, None, None
29

30 # Split training set (historical data up to 2024)
31 train_data = country_df[country_df['Year'] <= 2024]
32 if len(train_data) < 2: # At least 2 Olympics are needed
33 return None, None, None
34

35 # Train ARIMAX model (Note: exog_cols should not include is_host)
36 try:
37 model = auto_arima(
38 train_data[target],
39 exogenous=train_data[exog_cols], # Ensure this only includes retained variables like

athletes
40 seasonal=False,
41 error_action='ignore',
42 trace=0
43 )
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44 except Exception as e:
45 print(f"ARIMA fitting failed for {noc}: {e}")
46 return None, None, None
47

48 # Construct future exogenous variables (only retained variables like athletes), I plan to use the
average of the last 3 Olympics

49 future_exog_values = train_data[exog_cols].tail(3).mean().values
50 future_exog = pd.DataFrame([future_exog_values], columns=exog_cols)
51

52 # Perform forecast
53 try:
54 forecast, conf_int = model.predict(
55 n_periods=1,
56 exogenous=future_exog,
57 return_conf_int=True,
58 alpha=0.05 # 95% confidence interval
59 )
60

61 return model, forecast.iloc[0], conf_int
62 except Exception as e:
63 print(f"Prediction failed for {noc}: {e}")
64 return None, None, None
65

66

67 def xgb_residual_model(train_X: pd.DataFrame, train_Y: pd.Series, test_X: pd.DataFrame, n_splits: int
= 3) -> Tuple[float, float]:

68 """Residual prediction to fix data leakage and feature issues"""
69 if train_X.empty or len(train_Y) == 0:
70 return np.nan, np.nan
71

72 # Ensure training data and labels match in length
73 if len(train_X) != len(train_Y):
74 min_len = min(len(train_X), len(train_Y))
75 train_X = train_X.iloc[:min_len]
76 train_Y = train_Y.iloc[:min_len]
77

78 # Dynamically adjust the number of cross-validation splits
79 n_splits = min(n_splits, len(train_X) - 4) # Ensure the number of splits is less than the sample

size
80 # print(f"the number of splits is {n_splits}")
81 # print(f"the length of train_X is {len(train_X)}")
82

83 if n_splits <= 2: # If the sample size is too small for cross-validation
84 # print(f"Not enough samples for {n_splits}-fold cross-validation, will use all data to train

")
85 # Train a model using all data
86 model = xgb.XGBRegressor(
87 objective='reg:squarederror',
88 n_estimators=100,
89 learning_rate=0.1,
90 max_depth=3
91 )
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92 try:
93 model.fit(train_X, train_Y)
94 pred = model.predict(test_X)[0] if len(test_X) > 0 else np.nan
95 if pred is None:
96 xgb_cv_residuals = np.nan
97 else:
98 xgb_cv_residuals = train_Y - pred
99

100

101 return pred, pred, xgb_cv_residuals
102 except Exception as e:
103 print(f"Model training failed: {e}")
104 return np.array([np.nan]), np.array([np.nan]), np.array([np.nan])
105 """Residual prediction to fix data leakage and feature issues"""
106 if train_X.empty or len(train_Y) == 0:
107 return np.array([np.nan]), np.array([np.nan]), np.array([np.nan])
108

109 # Lag feature configuration
110 lag_features = [1, 2]
111 max_lag = max(lag_features)
112

113 # Check if there is enough data to generate lags
114 if len(train_Y) < max_lag:
115 print(f"Insufficient data, at least {max_lag} observations are required to generate lag

features")
116 return np.array([np.nan]), np.array([np.nan]), np.array([np.nan])
117

118 # Training set lag features
119 for lag in lag_features:
120 train_X[f'lag{lag}'] = train_Y.shift(lag)
121

122 # Test set lag features (strictly use historical values)
123 test_lags = {f'lag{lag}': train_Y.iloc[-lag] for lag in lag_features}
124 test_X = test_X.assign(**test_lags)
125

126 # Drop rows with NaN values (keep at least max_lag data points)
127 train_X_clean = train_X.iloc[max_lag:].copy()
128 train_Y_clean = train_Y.iloc[max_lag:]
129

130 if train_X_clean.empty:
131 return np.array([np.nan]), np.array([np.nan]), np.array([np.nan])
132

133 # Reset indices to ensure alignment
134 train_X_clean = train_X_clean.reset_index(drop=True)
135 train_Y_clean = train_Y_clean.reset_index(drop=True)
136

137 # Add rolling features (window size)
138 train_X_clean['rolling_mean_2'] = train_Y_clean.rolling(window=2, closed='left', min_periods=1).

mean()
139 # Remove new NaN rows caused by rolling features
140 valid_rows = train_X_clean.dropna().index
141 train_X_clean = train_X_clean.loc[valid_rows]
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142 train_Y_clean = train_Y_clean.loc[valid_rows]
143

144 # Test set rolling features (use the last two valid values from the training set)
145 test_X['rolling_mean_2'] = train_Y_clean.iloc[-2:].mean()
146

147 # Time-series cross-validation
148 tscv = TimeSeriesSplit(n_splits=n_splits)
149 test_preds = []
150 cv_residuals = np.zeros(len(train_Y_clean)) # Initialize storage container
151

152 # print(f"Using {n_splits}-fold cross-validation to train model")
153 # print(f"Number of training samples: {len(train_X_clean)}")
154 for train_idx, val_idx in tscv.split(train_X_clean):
155 # Split data
156 fold_train_X = train_X_clean.iloc[train_idx]
157 fold_train_Y = train_Y_clean.iloc[train_idx]
158 fold_val_X = train_X_clean.iloc[val_idx]
159 fold_val_Y = train_Y_clean.iloc[val_idx]
160

161 # Standardize (fit only on the fold training set)
162 fold_scaler = StandardScaler()
163 X_train_scaled = fold_scaler.fit_transform(fold_train_X)
164 X_val_scaled = fold_scaler.transform(fold_val_X)
165

166 # Train model
167 model = xgb.XGBRegressor(
168 objective='reg:squarederror',
169 n_estimators=300,
170 learning_rate=0.05,
171 max_depth=3,
172 subsample=0.8,
173 random_state=42
174 )
175 model.fit(X_train_scaled, fold_train_Y)
176

177 # Predict test set (must be standardized)
178 test_X_scaled = fold_scaler.transform(test_X)
179 val_pred = model.predict(test_X_scaled)
180 test_preds.append(val_pred)
181 cv_residuals[val_idx] = val_pred # Save predictions
182

183

184 # Final model training (independent scaler)
185 final_scaler = StandardScaler()
186 X_full_scaled = final_scaler.fit_transform(train_X_clean)
187 test_X_scaled = final_scaler.transform(test_X)
188

189 final_model = xgb.XGBRegressor(
190 objective='reg:squarederror',
191 n_estimators=300,
192 learning_rate=0.05,
193 max_depth=3,
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194 subsample=0.8,
195 random_state=42
196 ).fit(X_full_scaled, train_Y_clean)
197

198 final_pred = final_model.predict(test_X_scaled)
199 # Ensure we return scalar values
200 mean_pred = float(np.mean(test_preds)) if test_preds else np.nan
201 xgb_cv_residuals = train_Y_clean - cv_residuals
202

203 final_pred_value = float(final_pred[0]) if len(final_pred) > 0 else np.nan
204 return mean_pred, final_pred_value, xgb_cv_residuals

Key implementation details：

• Automatic ARIMA parameter selection using auto_arima (lines 15-34)

• Handling nonlinear patterns via XGBoost residual correction module (lines 36-121)
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