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ABSTRACT Badminton is a sport in which agility, anticipation, and tactical decision-making strongly
influence competitive outcomes. Although recent work has shown that badminton performance and outcomes
can be quantitatively modeled at the tournament and ranking levels, there remains limited research on
rally-level modeling of in-game dynamics and real-time win probability prediction. Most existing studies
rely on video-derived or biomechanical features, which are computationally expensive and unsuitable for
real-time applications. This study addresses these gaps by introducing a interpretable and data-driven
framework that supports lightweight real-time deployment that leverages rally-level score-difference
dynamics to predict in-game outcomes for elite men’s singles matches. A large-scale dataset comprising
18,742 games from the Badminton World Federation (BWF) tournaments between 2018 and 2023 was
collected and refined to 1,021 games involving the top 10 ranked players. We propose a novel
Dynamic Weighted Influence Score (DyWIS) framework that integrates machine learning classifiers with
player-specific Absolute Win (AW) and Absolute Loss (AL) thresholds, and dynamically adjusts prediction
confidence using historical win rates and current rally score progression. Experiments evaluated prediction
performance at multiple rally checkpoints (r = 20 to 40), demonstrating that DyWIS provides informative
early predictions with mean accuracy of above 84% at r = 20 for several top-performing classifiers, and
approaches near-deterministic accuracy at later stages as score differences enter decisive AW/AL regions.
At r = 40, DyWIS-KNN and DyWIS-linSVM achieved the highest mean accuracies of 93.37% and 93.19%,
respectively, followed by DyWIS-XGBoost at 92.85%, consistently outperforming reimplemented baselines
from prior work. Overall, the results indicate that DyWIS enables earlier and more stable win/loss detection
as rallies progress, supporting real-time analytics, coaching decision support, and tactical visualization in
professional badminton and other fast-paced individual sports.

INDEX TERMS Badminton, machine learning, classification, real-time prediction, sport analytics.

I. INTRODUCTION
Sport analytics [1] has emerged as a crucial tool for athletes,
coaches, and teams to stay competitive in their respective
fields. By transforming raw performance data into actionable
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insights, analytics supports diverse applications such as ana-
lyzing athlete performance [2], predicting game results [3],
evaluating opponents’ strengths and weaknesses [4], and
improving team performance [5]. Machine learning (ML)
methods in particular have proven effective for uncovering
hidden patterns in complex sports data, enabling data-driven
decision-making in both team and individual contexts [6], [7].
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A prominent use of sports analytics involves athlete profiling,
which entails analyzing a single athlete’s performances
to gain insights into their typical performance in their
respective field [8], [9], [10]. The findings can influence
the performance of an individual athlete, the entire team
for a particular game, or the entire tournament season [11].
Additionally, it can assist clubs in forecasting, assessing a
player’s market worth, and evaluating their risk of injury [12].
By providing these insights, sports analytics is transforming
the way decisions are made in the world of sports.

The growing availability of structured and unstructured
sports data has accelerated the adoption of predictive
modeling across disciplines, including soccer [4], [7], [13],
[14], [15], tennis [16], baseball [17], basketball [18], [19],
cricket [1], [20] and handball [3], [21]. Within racket
sports, analytics plays a vital role in capturing fast-paced
dynamics where each rally provides a wealth of information
about player strategy, momentum, and performance trends
[22], [23].

Badminton, one of the fastest racket sports, with shut-
tlecock speeds exceeding 100 m/s [24], offers a unique
challenge for predictive modeling. Since its inclusion in
the 1992 Olympic Games, the sport has grown globally
in both participation and competitive standards [25]. Its
combination of speed, agility, and tactical variation makes
outcome prediction particularly challenging [26]. Each rally
can shift momentum, and subtle score differences often
determine whether a player can maintain dominance or
recover from a deficit [27]. As every rally and selected
court area contains a wealth of information, leveraging this
extensive collection of data to predict the key moments of the
game is essential not only for improved viewing experiences
but also for athlete training and strategic preparation [28].
Recent studies have explored video-based features such
as strokes [29], [30], serves [31], trajectories [32], match
statistics [33] and movement patterns [34], [35]. There
are also studies on quantitative badminton performance
using tournament and ranking levels [54], participation
patterns [52], and scheduling [53] using Badminton World
Federation (BWF) data. However, a real-time quantitative
predictive approach using score-difference dynamics have
not yet been studied for rally-level in-game outcomes. This
represents a critical gap, as rally-level score progression
directly reflects both player performance and psychological
resilience under pressure.

Despite the rapid development of predictive analytics
in sports [36], [37], several practical and methodological
challenges remain in translating these models to real-time
match environments. First, many existing systems rely on
complex video processing pipelines that require high com-
putational resources and manual data labeling, which limits
their use during live tournaments [38]. Second, conventional
ML approaches often lack contextual adaptability, treating
all rallies as independent events without considering the
evolving score momentum and player-specific tendencies.
Third, the interpretability of closed-box models such as

deep neural networks remains limited, making it difficult for
coaches and analysts to understand or trust the underlying
rationale behind predictions [39], [51]. Consequently, there
is a growing demand for models that combine the predictive
power of machine learning with the transparency of domain-
informed rules, allowing clearer interpretation of decision
boundaries during gameplay [40], [41]. Such models should
be lightweight, interpretable, and context-aware, capable of
integrating real-time score progression and historical player
performance within a unified analytical framework. In this
context, lightweight refers to the use of score-based inputs
and simple decision mechanisms within the DyWIS frame-
work, rather than restricting the choice of the underlying
predictive model.

To address this gap, we propose a hybrid approach that
integrates machine learning with Dynamic Weighted Influ-
ence Score (DyWIS), a novel framework designed to enhance
predictive accuracy by incorporating both historical win rates
and real-time score differences. In addition, we introduce
player-specific absolute win (AW) and absolute loss (AL)
thresholds, which enable early and reliable identification of
decisive match scenarios. By focusing on the top 10 ranked
men’s singles players in the Badminton World Federation
(BWF) tournaments, this study contributes a rigorous, data-
driven framework for in-game win probability prediction.
The key contributions of this study are as follows:

• We develop the DyWIS, which integrates machine
learning classifiers with adaptive weighting based on
historical win rates and current match dynamics.

• We analyze rally-by-rally score differences to identify
thresholds that characterize AW and AL conditions for
individual players.

• We incorporate player-specific AW/AL thresholds into
DyWIS to enhance early detection of match outcomes
and improve prediction stability.

• We demonstrate the effectiveness of the proposed mod-
els in generating real-time win probability predictions
during rallies, outperforming conventional machine
learning methods.

II. RELATED WORKS
Research in sports analytics has increasingly focused on
classification and predictive modeling, with ML and deep
learning (DL) emerging as powerful tools to forecast
match outcomes, analyze performance, and inform strategic
decisions. This section reviews relevant studies across
competitive sports, with particular emphasis on badminton.

A. CLASSIFICATION IN COMPETITIVE SPORTS
Extensive research across multiple disciplines, including
soccer, tennis, handball, baseball, and many more, has
developed varied approaches to identifying predictive factors
and improving model accuracy [42].

Predictive modeling in soccer has been extensively studied
due to the availability of rich statistical data. Wong et al.
[13] applied an extensive suite of machine learning models,
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including Logistic Regression (LR), Random Forest (RF),
Support Vector Machine (SVM), Extreme Gradient Boosting
(XGBoost), Light Gradient Boosting Machine (LightGBM),
and Convolutional Neural Networks (CNN) with ensemble
methods using voting and stacking to classify outcomes
in English Premier League (EPL) soccer matches. This
work incorporated comprehensive features such as match
statistics, fatigue levels, momentum indicators, and even
weather conditions, aiming at binary classification of home
team performance. Their CNN approach demonstrated the
highest predictive accuracy at 63.7%. Notably, the SVM
demonstrated balanced performance with an F1 score of
60.1%, which reflects its robustness in binary classification
scenarios.

Chen et. al. [14] investigated multiclass prediction models
for soccer outcomes using extensive engineered features,
including FIFA ratings, historical statistics, Elo ratings,
and betting odds from Europe’s top five leagues. Among
various tested ML models, the RF model emerged superior
by achieving an accuracy of 56.25%. This underlines the
utility of ensemble learning approaches, particularly when
integrating diverse types of input features, ranging from
rating systems to odds-based predictors.

Arntzen and Hvattum [15] presented an ordered logit
regression combined with competing risk models to predict
outcomes in football matches using Elo ratings and individual
player plus-minus ratings within English leagues. Their opti-
mal models achieved notably low information and quadratic
loss values, which are 1.4721 and 0.6121, respectively, and
closely align with bookmaker predictions, demonstrating
robust statistical modelling performance that is competitive
with industry-standard betting frameworks.

In handball, [43] adopted GBM to classify the match
outcomes into three classes, such as home win, draw, or away
win, using player strength ratings acquired from attack
and defense, team form, and venue characteristics. Their
model demonstrated an accuracy of approximately 73%,
surpassing betting odds’ predictive performance, which is
around 69%. This demonstrates ML’s capacity to effectively
leverage structured, numeric datasets to surpass expert-based
predictions.

Tennis has been a fertile testbed for classification methods
because of its point-based structure [44], [45]. Gao and
Kowalczyk [16] applied LR, SVM, and RF in tennis matches
to utilize diverse variables, including serve accuracy, player’s
age, height, and playing surface. Notably, the RF classifier
outperformed traditional bookmakers with an accuracy of
83.2%, considerably above the odds-based accuracy of 69%.
The results highlighted the importance of technical match-
level indicators. Similarly, studies integrating biomechani-
cal or serve-tracking data have reported higher predictive
accuracy than bookmakers, suggesting that ML can reliably
capture nonlinear skill-performance relationships.

In baseball, Huang and Li [17] effectively employed
artificial neural networks (ANN), one-dimensional CNNs
(1DCNN), and SVM to classify outcomes of the game using

a dataset derived from Baseball-Reference. This included
detailed information on batting, pitching, and team home
advantage. ANN emerged slightly superior with an accuracy
of 94.18% compared to other techniques. This showcases
the potential of neural networks in effectively managing and
classifying large, feature-rich sports datasets.

In addition, ANNs, ensemble models, and hybrid sys-
tems have been successfully applied to basketball [46],
cricket [1], and esports [47], each confirming that robust ML
methods can surpass conventional heuristics. Collectively,
these studies underscore that classification methodologies
across diverse sports generally benefit from ensemble-based
classifiers and neural networks algorithms, particularly effec-
tive when handling complex, high-dimensional, or nonlinear
sports data. Ensemble techniques such as Random Forest and
XGBoost consistently outperform simpler linear models due
to their ability to capture nonlinear relationships and manage
feature interactions effectively [48], [49]. Additionally,
algorithms like ANN demonstrate strong performance in
structured prediction tasks, especially when tuned to the
characteristics of the dataset [50].

B. PREDICTIVE MODELING IN BADMINTON
Compared to major team sports, badminton analytics remains
relatively underdeveloped. This creates additional effort for
researchers who must extract the data themselves. Even
so, research has been growing, particularly in predicting
match outcomes, analyzing player actions, and anticipating
future game events based on technical and tactical fea-
tures. In addition to match-level predictive studies, several
works have demonstrated that badminton performance and
competitive outcomes can be quantitatively modeled using
large-scale BWF data at the tournament and seasonal levels.
Prior research has examined player rankings and ranking
progression [51], tournament participation patterns [52],
match scheduling effects [53], and performance efficiency
across Olympic and non-Olympic cycles [54], [55]. These
studies establish the feasibility of quantitative badminton
analytics for understanding long-term competitive dynamics,
although they do not address real-time, rally-level win
probability prediction during live matches.

Sharma et. al. [33] analyzed badminton matches from
prominent international tournaments, including the Aus-
tralian, Malaysian, German, and Singapore Opens. Their
study deployed innovative machine learning algorithms such
as the Naive Bayes Classifier with Feature Weighting (NB-
CBFW), CHIRP, and Hyper Pipes methods. The research
uniquely included extensive match features, including match
stages, player head-to-head statistics, duration, and compre-
hensive point, set, and game metrics. Among these, NB-
CBFW demonstrated remarkably high predictive accuracy,
achieving near-perfect performance in some scenarios and
exhibiting a notably low root mean square error (RMSE)
range from 0.006 to 0.10. Conversely, alternative models
such as CHIRP and Hyper Pipes exhibited significantly
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lower accuracy and higher RMSE, thus emphasizing the
efficacy of sophisticated Bayesian models in this context.
This demonstrated the importance of carefully engineered
features tailored to badminton match dynamics.

Yuan et al. [35] examined rally-level modeling in women’s
singles matches using match video data featuring an elite
female player, An Se-young against the top five BWF-ranked
players and match statistic from badminton competitions.
The study applied a range of machine learning models
including SVM with RBF kernel, KNN, Decision Tree, RF,
and XGBoost to classify each rally segment as scoring or
losing. Among them, the SVMwith RBF kernel achieved the
best accuracy at 87.5%, while KNN reached 75%. This study
highlights the potential of video-derived rally-level features
in accurately predicting performance outcomes, particularly
when using refined algorithms like SVM, and reinforces
the importance of model selection in maximizing predictive
power in fast-paced match settings. In addition, recurrent
neural networks (RNN) and related sequence models have
been widely used in sports analytics to capture temporal
dependencies in event sequences, particularly in settings
where long observation windows and rich temporal features
are available [56], [57].

Sheng et. al. [34] further analyzed match videos from
international badminton competitions, focusing specifically
on singles players among the world’s top 10 male and female
athletes. They employed a RF algorithm and leveraging
detailed frequencies of 23 distinct technical actions, such
as net-front plays, drop shots, pushes, and smashes. The
analysis distinctly separated models by gender, reporting
significant predictive accuracies where for male players,
the RF model demonstrated an exceptional area under the
curve (AUC) of 0.9726 with 87% accuracy, 93% sensitivity,
and 80% specificity. In contrast, the female players’ model
exhibited a slightly lower AUC of 0.8730, accuracy of 83%,
high sensitivity of 92%, but lower specificity of 68%. This
gender differentiated performance underlines the importance
of tailored approaches in predictive modeling to account for
different play styles, physiological conditions, and strategic
differences between male and female athletes.

Nokihara et. al. [2] focused on predicting future shuttle-
cock trajectories using Long Short-Term Memory (LSTM)
combined with pose estimation techniques. Their work
capitalized on match video-derived features, including shut-
tlecock position, player position, and seventeen distinct
posture key points. The model significantly improved trajec-
tory prediction accuracy and emphasizes the importance of
integrating athlete positional andmovement data for accurate,
anticipatory analytics in fast-paced sports like badminton.

Ibh et al. [29] implemented a transformer encoder-decoder
model to classify the next stroke type based on sophis-
ticated player skeleton data and stroke embeddings. The
model consistently outperformed conventional baselines and
exhibited logical prediction patterns which achieved strong
predictive performance with accuracy of 92.5% on the
ShuttleSet dataset and 93.1% on the BadminDB dataset.

These approaches highlight the potential of DL architectures
for modeling temporal dependencies in high-speed rallies.

Some other works have also explored integrating tactical
context. Studies have modeled rally segments as scoring vs
losing [35], while others have examined serving patterns
and player-specific strategies [31], [41]. Recent research on
predictive modeling in badminton has predominantly focused
on extracting and analyzing video-based features such as
player movements [58], stroke types [59], and shuttlecock
trajectories [60]. These works emphasize the interplay of
technical, tactical, and situational factors in determining
match outcomes.

While some research has incorporated statistical match
data such as point and set metrics, there remains a noticeable
gap in studies that focus specifically on score progression,
point differentials, and rally-level scoring dynamics. For
example, the lack of comprehensive datasets that combine
player statistics, match conditions, and in-game events
limits the ability to create predictive models tailored to
badminton [61]. This gap highlights the need for tar-
geted research that focuses on collecting and analyzing
badminton-specific data to develop accurate win probability
models. Future studies could benefit from exploring predic-
tive models grounded in match statistics, which may offer
valuable insights into performance trends that are not fully
captured through video-based analysis alone.

C. COMPARATIVE ANALYSIS OF ML TECHNIQUES IN
BADMINTON AND OTHER SPORTS
Table 1 provides a comparative summary of represen-
tative ML and DL models applied in sports prediction.
Ensemble methods such as RF and XGBoost frequently
outperform linear models due to their ability to capture
nonlinear interactions and heterogeneous features, as seen in
soccer [13], handball [43], and tennis [16]. In badminton,
both handcrafted statistical features (e.g., NB-CBFW [33])
and video-derived technical actions (e.g., RF [34]) have
achieved high predictive accuracy, while more recent studies
using SVM and transformer architectures [35] demonstrate
the potential of advanced models for rally-level prediction.

As summarized in Table 1, prior research demonstrates
that ensemble models and neural networks often outperform
simpler classifiers across a variety of sports. In bad-
minton specifically, both handcrafted statistical features and
video-based features have proven effective, but they typically
depend on computationally expensive or dataset-specific
inputs. This limits scalability and real-time deployment.

Despite promising advances, existing research in bad-
minton analytics remains limited in its use of score-based fea-
tures. Studies that are based on video-derived inputs such as
strokes, trajectories, or skeletal data, which, although effec-
tive, are computationally intensive, dataset-dependent, and
difficult to scale for real-time applications. In contrast, rally-
level score-difference dynamics are lightweight, universally
available from official match records, and directly linked
to both player dominance and psychological momentum.
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TABLE 1. Comparison of ML models and results in sports reported in sports prediction literature.

Surprisingly, these features have been underexplored for in-
game prediction.

To address this gap, the present study introduces the
DyWIS, a hybrid framework that integrates machine learning
classifiers with player-specific absolute win/loss thresholds.
By leveraging score-difference progression together with
historical win rates, DyWIS offers an interpretable, data-
efficient, and real-time-ready approach to win probability
prediction in elite badminton.

III. METHODOLOGY
A. DATA AND PREPROCESSING
To develop and validate the proposed framework, we con-
structed a dataset from the official Badminton World Fed-
eration (BWF) website, which focuses on matches from the
HSBC BWFWorld Tour series between 2018 and 2023 [62].
The raw dataset initially contained 18,742 games across all
five competition categories (men’s singles, women’s singles,
men’s doubles, women’s doubles, and mixed doubles).

The raw data extracted from the BWF website included
several features, such as the tournament_name, country, date,
duration, player1_name, player2_name, player1_nationality,
player2_nationality, score progression in rally, and final
match score. We started by applying a filtering process to
the raw dataset to remove any matches where a player either
retired or gave a walkover game, which typically occurs
due to injuries or other unforeseen circumstances. These
incomplete matches were excluded to ensure consistency in
performance analysis.

Further, we restricted our analysis to the men’s singles
category. The scope is limited to matches involving

the top 10 players in the HSBC Race to Finals
ranking (week 48, 2023). This targeted selection pro-
vided a high-quality dataset of 1,021 games covering
121 players. The decision to focus on elite-level players
ensures that the dataset reflects high-intensity matches
and minimizes variability due to amateur or lower-tier
performance.

Each match record included tournament information
(name, country, and date), duration, player identities and
nationalities, score progression at the rally level, and
final outcomes. From these, we constructed a key fea-
ture called as the score difference, which represents the
point margin between two players at any given rally,
defined as

xr = player score at rally r − opponent score at rally r (1)

where xr represents the score difference at rally r . In the
context of badminton, a rally refers to a continuous sequence
of play that begins with a serve and ends when a player wins
the point, which either by grounding the shuttlecock within
the opponent’s court or forcing an error. As shown in Figure 1
where a rally is played by Player 1 and 2, and the rally is
won by Player 1 after 5 shots, and Player 1 gets a point.
In fact, the total number of rallies played will equal to the
total number of score difference data in the game. Figure 2(a)
shows the total number of rallies completed is 54 (with 28-26
as the final score), and equals to 54 score difference data as
in Figure 2(b).
We recorded the progression of the score differences as

the rally progresses in a game and constructed the score
differences as a vectorX = {x1, x2, . . . , xr }. This information
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FIGURE 1. Example on how a rally in badminton is played. A rally is won
by Player 1 after 5 shots.

FIGURE 2. Example of score type between two players throughout a
game. (a) Score progression between Kunlavut Vitidsarn and Victor
Svendsen (b) Score differences of Kunlavut Vitidsarn over Victor Svendsen.

would provide a detailed view of how advantage shifts
between players over time and forms the foundation for
modelling in-game dynamics. Importantly, score difference
does not encode tactical details such as stroke type, shot
placement, court positioning, or biomechanical execution.
Instead, it aggregates the downstream effects of these factors
together with tactical pacing, error tolerance, psychological
pressure management, and fatigue–recovery processes into
a single, observable performance signal at each rally.
We therefore use score difference as a lightweight proxy for
competitive dynamics, suitable for real-time deployment. The
score difference variations in a game are further explained

FIGURE 3. Number of rallies played in the dataset compared to the
minimum and the maximum rallies possible in badminton.

TABLE 2. Key statistics of the processed dataset.

as in Figure 2(b) which shows how the value of the score
difference changes when there is score progression (Fig-
ure 2(a)) between two players. This representation provides
a lightweight proxy for momentum shifts and competitive
dynamics. The final positive score difference indicates that
the player has won the game, while a negative one indicates a
loss.

A comprehensive summary of the dataset used in this study
is presented in Table 2. Statistical analysis highlights the
minimum,maximum, and average values of rally count, score
difference, and match duration, providing a clear overview
of the competitive dynamics represented in the data. At any
point in a game, the number of rallies played or number of
score diffrences can be computed by summing the current
scores of both players. For example, a final score of 21–4
corresponds to 25 rallies, whereas a tightly contested score
of 26–28 indicates 54 rallies. The dataset encompasses a
wide range of match intensities, as illustrated in Figure 3,
where the distribution of rally counts is compared with
the theoretical minimum (21–0, 21 rallies) and maximum
(30–29, 59 rallies) possible in badminton scoring. Across all
matches, score differences ranged from –18 to +15, with
an average of –1.67, indicating a slightly higher frequency
of negative margins among players. While small positive
or negative score differences may occur frequently during
rallies, as shown in Figure 4, larger absolute differences are
typically decisive, signaling winning or losing the game.
This score-difference indicator serves as a key parameter in
the proposed DyWIS framework, forming the foundation for
distinguishing between winning and losing trends within a
match.
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TABLE 3. Dataset description.

FIGURE 4. Frequency distribution of score differences from the dataset.

B. DETERMINATION OF ABSOLUTE WIN (AW) AND
ABSOLUTE LOSS (AL)
It is possible to determine the confirmed winning or losing
score by investigating score difference pattern in each
player’s game history. First, we analyzed the score difference
of each player’s game to determine the highest and lowest
score difference and stored as gm = (max(xr ),min(xr )),
where gm is a game of index m. We named max(xr ) and
min(xr ) as the highest lead and lag score in game m
respectively. Then, we sorted the gm in ascending order (more
positives) of max(xr ) for each losing games and continued
with descending order of winning games. We observed the
max(xr ) value in the last indexed gm in losing games to

determine confirmation of a player would win a game.
To visualize this, we plotted gm as in Figure 5(a). The
figure uses Kenta Nishimoto games as an example. We could
confirm that Nishimoto would win a game whenever he
obtained the highest lead score difference of 8 as it would be
possible for him to still lose a game eventhough he already
achieved lead score difference of 7. This means that when
he leads by ≥8, victory was assured. We determined this as
Absolute Win (AW) value.

Similarly, to determine the decisive losing score difference
value, we use similar set of data and rearrganged it as gn =

(min(xr ),max(xr )), where n is the new game index. Then,
we sorted the gn in descending order (more negatives) of
min(xr ) for each losing games and continued with ascending
order of winning games.We observed themin(xr ) value in the
first indexed gn in winning games to determine confirmation
of a player would lose a game. This case is illustrated in
Figure 5(b). As could be seen at the value of −7, Nishimoto
could still win a game, but when he obtained the lag score
of −8 he would never win. Thus, −8 is determined as the
Absolute Loss (AL) value for him. The value of AW and AL
for every players are recorded as in Table 3. To standardize
the notation with the score difference, we equate AW and AL
as xw and xl respectively.

The resulting AW and AL values are player-conditioned
thresholds and empirically derived from individual players’
past competitive data. Concretely, we analyze the maximum
and minimum score differences attained in each game and
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FIGURE 5. Arranged maximum lead and lag score differences in Kenta Nishimoto’s matches to determine
(a) Absolute Win (AW) and (b) Absolute Loss (AL) conditions.

identify the smallest positive lead and largest negative deficit
beyond which no historical comebacks are observed. This
player-conditioned strategy captures individual dominance
and recovery characteristics without introducing free tuning
hyperparameters, as the thresholds are directly derived
from each player’s historical data and remain fixed during
inference.

C. DYNAMIC WEIGHTED INFLUENCE SCORE
The core contribution of this study is the introduction
of the Dynamic Weighted Influence Score (DyWIS),
a hybrid framework that integrates player-specific score
influence probability with machine learning (ML) clas-
sifiers based on their historical score difference pattern.
The objective is to improve the accuracy, stability, and
interpretability of in-game win probability prediction in
badminton.

Conventional machine learning (ML) models treat all rally
states uniformly, often overlooking momentum shifts that
provide early cues of victory or defeat. For instance, when
a player leads by a large margin, the outcome becomes
nearly deterministic, whereas narrow margins demand higher
sensitivity to subtle performance fluctuations. The pro-
posed DyWIS addresses this limitation by integrating four
score-influenced parameters that jointly enhance prediction
accuracy:

1) Absolute win and loss thresholds (xw and xl): Directly
classify extreme score conditions as decisive outcomes.

2) Machine learning confidence score (p(Xtr )): Repre-
sents the classifier-derived probability of winning
based on the score-difference vector.

3) Historical win-rate weighting (wr ): Incorporates
player-specific prior performance to adjust predictive
confidence.

VOLUME 14, 2026 50725



N. A. M. Shazali et al.: DyWIS-Based ML for In-Game Win Loss Prediction in Elite Badminton Singles

FIGURE 6. Proposed framework of DyWIS.

4) Current score influence weighting (ws): Dynamically
adjusts the confidence score according to the player’s
progress toward the minimum winning score.

The first three parameters can be computed before the
match begins, while the fourth is calculated in real time as
the game progresses. This hybrid formulation enables DyWIS
to provide earlier, more stable, and context-aware outcome
predictions, especially in ambiguous rally situations where
conventional models typically struggle.

The score-difference vector Xtr for each player was
used to train multiple machine learning and deep learning
classifiers to estimate the winning confidence probability,
denoted as p(Xtr ). Seven classifiers were evaluated in this
study: Decision Tree (DT), Random Forest (RF), K-Nearest
Neighbor (KNN), XGBoost (XGB), Support Vector Machine
(SVM), Recurrent Neural Network (RNN) and Transformer-
based model. The composition of each player’s training
dataset is summarized in Table 3. The table shows the players
with their game statistics, which were analyzed in this study.
Each player has a different number of matches, based on their
individual participation history in the selected tournaments.

Preliminary analysis revealed a substantial imbalance
in outcomes across players. For example, Kodai Naraoka
recorded wins in 75.6% of matches, while only 24.4% were
losses. Such imbalance risks biasing classifiers toward the
majority class. To mitigate this, we employed the Synthetic
Minority Over-sampling Technique (SMOTE) to generate
synthetic training samples for the minority class, balancing
win/loss distributions at a 50:50 ratio. This step improves
generalization and ensures that models remain sensitive to
both outcomes. Although rally-level score data are sequential,
SMOTE is applied at the score-difference feature level to
balance win–loss samples for the classifiers in accordance
with theDyWIS formulation, which does not explicitlymodel
rally-to-rally transitions.

TABLE 4. Model parameters and hyperparameters used in this study.

Parameters for each model were selected empirically
through preliminary testing to balance accuracy and gener-
alization as summarized in Table 4. A moderate learning
rate (η = 0.1) and shallow tree depth (d = 5) were
used for XGBoost to prevent overfitting, while the SVM
box constraint (C = 1) provided a balanced trade-off
between margin maximization and training accuracy. For
the sequence-based RNN and Transformer models, sim-
ple baseline configurations were adopted to demonstrate
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Algorithm 1 DyWIS Algorithm
1: Input: Score difference data Xtr
2: Output: Predicted game outcome y(Xts)
3: Extract featurematrixX and target label y from input data

4: Initialize rally set r
5: Initialize Absolute Win threshold xw and Absolute Loss

threshold xl
6: Split data into training set (Xtr, ytr) and testing set

(Xts, yts)
7: Compute total games nt , total winning games nw, and

historical win rate wr = nw/nt
8: Balance the training data using SMOTE:
9: Identify minority class samples in ytr

10: Generate synthetic samples by interpolating between
random minority samples

11: Combine and shuffle to form the balanced dataset
(Xtr_balanced, ytr_balanced)

12: for each game g do
13: for each rally r in the game do
14: Compute score influence factor ws =

min( score at rally r21 , 1)
15: if current score difference xc ≥ xw then
16: Classify outcome y(Xts) = 1
17: else if xc ≤ xl then
18: Classify outcome y(Xts) = 0
19: else
20: Initialize model parameters according to Table 4
21: Train model using balanced training set
22: Predict win probability p(Xts) for current rally r
23: Compute adjusted win probability:D(win | xc) =

p(Xts) · wr · ws
24: if D(win | xc) ≥ 0.5 then
25: Classify outcome y(Xts) = 1
26: else
27: Classify outcome y(Xts) = 0
28: end if
29: end if
30: end for
31: Store each game final outcome f
32: end for
33: Compute evaluation metrics: Accuracy, Precision,

Recall, F1-score
34: return Predicted outcomes y(Xts) and performance

metrics

framework compatibility rather than to optimize deep model
performance. Unless otherwise stated, all other parameters
were kept at their default Python library values.

During training, the shortest match length (in rallies)
within the dataset was used to standardized sequence length
for all players. This ensured that every model learned from
consistent feature dimensions while enabling early in-game
prediction. By constraining the input to the minimum number

of rallies observed, the framework can generate reliable
outcome predictions as early as possible during gameplay.

We calculated the player’s historical winning rate, wr ,
to encode long-term performance given as

wr =
nw
nt

(2)

where nw represents the number of matches won by the player
and nt is the total games played. For example, as in Table 3,
Kodai won 75 out of 128 games, which translates to his wr
score of 0.5859.

During the game, a player will be assigned with a Dynamic
Weighting Adjustment (DWA) value after each rally by
manipulating the current score difference, xc. If the xc does
not reach the xw or xl value, the DWA value could be
calculated as the product of the classifier-derived confidence
score and in-game contextual weightings as follows:

D(win|xc) = p(Xts) · wr · ws (3)

where ws is the score influence factor which infer the score
nearer to winning score of the current game, normalized by
the minimum winning score of 21 points. The ws is capped at
1.0 once the player reaches 21 points. This prevents excessive
weighting in deuce situations, where the score can extend
beyond 21 (up to 30) but the game outcome is determined
by the two-point lead rule, rather than by continued linear
score accumulation. In practice, capping ws at 1.0 for scores
≥21 does not materially affect the predictions because once
the game enters deuce, the decisive transitions occur when
one player establishes a two-point advantage, at which point
the game terminates. This fixed normalization ensures that
the influence of score progression remains interpretable and
comparable across matches and players. A player would
have a big ws if his score nearer to the winning score.
For example, a player that has reached a score of 13 in a
game would have ws = 0.6190 compared to when only
reached a score of 5 (ws = 0.2381) in a game. Using
the official winning score as the normalization constant
avoids introducing additional tuning parameters, preserving
numerical stability and supporting real-time deployment
without the need for match-specific calibration. Then, the
winning or losing class could be determined as

y(Xts) =

{
1, if xc ≥ xw or D(win | xc) ≥ 0.5
0, otherwise

(4)

where 1 represents win class and 0 represents loss class.
The detailed implementation of the proposed DyWIS

framework is outlined in Algorithm 1. During a match,
DyWIS updates the win–loss confidence online by recom-
puting the dynamic weighting terms based on the current
rally state, while the underlying classifier is trained offline
using historical training games. Thus, real-time inference
only requires evaluating the pre-trained model on the
updated score-difference sequence and applying the DyWIS
weighting and AW/AL decision rules without retraining the
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model at each rally. Figure 6 illustrates the proposed DyWIS
framework.

IV. RESULTS AND DISCUSSION
Accurate early prediction is essential in live match envi-
ronments, where the goal is not merely to identify the
final winner but to provide stable and interpretable win
probabilities as rallies unfold. Such real-time predictions
enable coaches and analysts to detect shifts in game
momentum and adjust strategies dynamically. To achieve
this, the proposed DyWIS framework integrates dynamic
weighting adjustments and AW and AL thresholds within
conventional machine or deep learning models. This combi-
nation allows continuous updates of predicted outcomes after
each rally, ensuring that the output reflects the current game
flow and intensity rather than static match statistics. The
framework is designed to enhance both predictive accuracy
and interpretability whilemaintaining low computational cost
that is a critical requirement for deployment in live sports
analytics applications.

A. PREDICTION PERFORMANCE OF DYWIS AT DIFFERENT
RALLY STAGES
We evaluated the framework on the processed men’s singles
dataset (2018–2023, 1021 games, 44252 rallies). In the
context of live-match analytics, the critical question is how
early a prediction can be considered reliable. Because DyWIS
continuously updates win probabilities after each rally,
it allows examination of how prediction accuracy evolves
as the match progresses. To study this, we evaluated all
classifiers at five rally checkpoints, r = {20, 25, 30, 35, 40}.
This range was selected based on the dataset’s average rally
length of 36.34 and its observed span from 25 to 54 rallies per
match (Table 2). The inclusion of the 20th rally checkpoint
was intentional to assess model performance in early-game
scenarios, where accurate predictions are most valuable for
real-time applications.

The accuracy and F1-score for every player are listed in
Table 5. Reporting both metrics provides a more balanced
evaluation, and this allows us to determine whether the
model maintains fair discrimination between win and loss
outcomes or simply favors the majority class. In particular,
a scenario where accuracy remains high but the F1-score
declines suggests bias toward predicting wins, whereas
simultaneous improvement in both metrics indicates genuine
model learning and balanced classification. For clarity,
the strongest performance results for mean accuracy are
highlighted in bold, indicating the top-performing outcomes
across classifiers and rally stages for both accuracy and F1-
score.

The first key observation is that DyWIS already effective
as early as r = 20 rallies. At this point, most players achieve
accuracies above 80% for several classifiers, with the main
exceptions being the linSVM and polySVM variants. Among
all models, DyWIS-RF, DyWIS-rbfSVM, DyWIS-XGBoost,
DyWIS-RNN, and DyWIS-Transformer consistently deliver

the strongest early-stage performance, with mean accuracies
across players exceeding 84% (Table 5). In badminton,
to obtain good prediction at 20 rallies are crucial since the
minimum rally for an outcome is 21 (see Figure 3). Thus,
if early predictions indicate an unfavorable outcome, coaches
and players could adjust tactics before the game outcome
becomes irreversible.

On top of that, the corresponding F1-scores remain high
(typically > 88%), confirming that the models effectively
distinguish between both win and loss classes rather than
favoring a single outcome. The ROC analysis in Figure 7
confirms this observation from a threshold-independent
perspective, indicating that even at early game stages, DyWIS
achieves reliable class separation. These results show that
early predictions are already informative, and performance
continues to improve as more rallies are incorporated. When
comparing classical machine learning models with sequence-
based approaches, DyWIS-RNN and DyWIS-Transformer
exhibit performance that is competitive with, but not con-
sistently superior to the strongest conventional classifiers
at early rally stages. At r = 20, their accuracy and F1-
score are generally comparable to DyWIS-RF and DyWIS-
rbfSVM. These findings suggest that the benefit of modeling
long-term temporal dependencies in this setting may be
limited especially when only short rally sequences are
available.

As the rally length increases to r = 25 and r = 30, the pre-
diction performance improves further for nearly all players
and classifiers. For instance, Kodai’s DyWIS-KNN accuracy
rises from 81.58% at r = 20 to 89.47% at r = 25 and
remains consistently high at r = 30. Similarly, Jonatan’s
DyWIS-DTmomentarily reaches 94.74% at r = 30. DyWIS-
RNN shows gradual improvements in both accuracy and
F1-score for several players, consistent with its ability to
accumulate temporal evidence across rallies. In contrast,
DyWIS-Transformer does not consistently outperform either
RNN or the strongest tree-based classifiers, reflecting that
the added architectural complexity does not necessarily
translate into performance gains under the relatively short
rally sequences typical of badminton matches. A comparable
trend is observed for Li Shi Feng and Anthony S. Ginting,
for whom r = 30 represents a turning point where
the score difference becomes sufficiently distinctive for
reliable outcome prediction. At this stage, even relatively
simple classifiers such as DyWIS-DT, DyWIS-RF, and
DyWIS-linSVM can effectively separate winning and losing
margins. As the game progresses, the score influence term ws
amplifies the classifier confidence, reinforcing the accuracy
and stability of predictions across longer rallies.

At r = 35 and r = 40, results approach near-
perfect accuracy. It is important to interpret the very high
accuracies observed at later rally checkpoints in the context
of the scoring structure and the AW/AL thresholds. At these
stages, a large proportion of rallies fall into regions where
the current score difference, xc already exceeds the player-
specific AW/AL threshold. By construction, such states
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TABLE 5. Classifier performance per player across rally, r = 20, 25, 30, 35, 40 for accuracy, and F1-score.
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correspond to historical situations in which no comebacks
have been observed, and the game outcome is effectively
determined by the scoring rules. In these regions, DyWIS
primarily acts as a confirmation mechanism that aligns the
classifier output with the AW/AL-based decision, rather than
uncovering unexpected patterns. Consequently, near-perfect
accuracy at late stages reflects structural determinism of
the score dynamics combined with the AW/AL thresholds,
rather than overfitting or excessive model complexity.
As shown in Table 5, Kodai achieves 100% accuracy with
DyWIS-XGBoost at r = 40, and Viktor attains 100%
accuracy with nearly all models from r = 20 onwards.
Likewise, Kenta, Anders, and Kunlavut exceed 95% with
DyWIS-SVM or DyWIS-KNN at r = 40. The corresponding
F1-scores are also near perfect, which indicates that at
this stage, the absolute AW/AL thresholds dominate the
decision process, transforming the classification into an
almost binary task. Because AW and AL are empirically
estimated from historical data, they inevitably reflect not only
intrinsic scoring properties but also contextual factors such
as opponent distributions, tournament schedules, and periods
of dominance or decline in a player’s career. In other words,
the thresholds are intentionally player-conditioned rather than
universal, and they may shift if a player’s style, physical
condition, or competitive environment changes over time.

These observations are consistent with the transition
behavior of DyWIS. Once the ongoing score difference
enters the player-specific decisive range, the model tran-
sitions from relying on probabilistic ML inference toward
confirming the inevitable match outcome. At the same rally
stages, bothDyWIS-RNN andDyWIS-Transformer converge
toward similar near-deterministic predictions as classical
models, confirming that once decisive score differences are
reached, the influence of the underlying classifier architecture
becomes secondary to the threshold-based decision mecha-
nism of DyWIS. However, not all players exhibit identical
performance trajectories. An illustrative example is Viktor
Axelsen, whose results show several 100% accuracy entries
even at r = 20 (DyWIS-kNN, DyWIS-RF, DyWIS-rbfSVM,
DyWIS-RNN, DyWIS-Transformer). This does not indicate
that later rallies contribute more to prediction accuracy
but rather reflects the clear dominance patterns in Viktor’s
matches, which make his outcomes easier to separate. Other
classifiers on Viktor (DyWIS-DT, DyWIS-linSVM, DyWIS-
XGBoost) do not sustain 100% performance across all rallies.
This indicates that the exceptional accuracy is primarily due
to the characteristics of his dataset rather than the DyWIS
framework itself.

On the other hand, players with more irregular match
histories, such as Ng Tze Yong, begin with slightly lower
accuracy at early checkpoints of r = 20–25, typically
ranging around 74–84% depending on the classifier model
(Table 5). However, their performance improves markedly
at r = 40, where nearly all models exceed 90%, and
DyWIS-Transformer even attains 96.77%. This indicates
that for players whose scoring patterns are more variable,

the model needs a longer sequence of rallies to resolve
outcome ambiguity. This finding is consistent with the
DyWISmechanism, which means that when the current score
difference xc remains distant from a player’s xw/xl thresholds,
the model relies primarily on the dynamic weighting via wr
and ws to stabilize intermediate predictions until stronger
evidence accumulates.

To further examine the relative contribution of the
rule-based AW/AL mechanism and the machine learning
classifiers at later rally stages, we analyze the proportion
of instances in which the current score difference satisfies
the AW or AL threshold. Table 6 summarizes the per-
centage of condition met at each rally checkpoint, r =

{20, 25, 30, 35, 40} that fall within these decisive regions
for each player. As shown in the table, the proportion of
threshold-triggered cases increases consistently as rallies
progress. At early stage of r = 20, only a small fraction
of rallies (typically below 15% for most players) fall
within AW/AL regions, which indicating that the machine
learning classifiers play a dominant role in prediction.
However, as the rally length increases, this proportion rises
substantially. At r = 40, approximately 25% to 49% of
cases across players are already classified directly by the
AW/AL thresholds. This trend confirms that the rule-based
component contributes increasingly to prediction at later
stages, particularly in decisive score regions. Nevertheless,
a significant portion of rallies at r = 40 still fall outside
the AW/AL thresholds, therefore requiring classification by
the machine learning models. This demonstrates that DyWIS
maintains a hybrid decision structure, where the rule-based
logic governs structurally deterministic cases, while machine
learning remains essential for resolving ambiguous score
states.

TABLE 6. Percentage of rule-based AW/AL conditions met across rally,
r = 20, 25, 30, 35, 40 by player.

To confirm that these performance gains are not dependent
on a specific decision threshold, ROC curves were plotted for
all seven DyWIS classifiers at the same rally checkpoints,
as shown in Figure 7. At r = 20, all models lie well
above the diagonal, with AUC values between 0.70 and 0.79,
indicating that even early in the game, the system ranks
winning rallies above losing ones better than chance. As the
number of observed rallies increases, the curves steadily shift
toward the ideal point (0, 1), and AUC values rise almost
monotonically. At r = 25 and r = 30, the three best
models (DyWIS-KNN, DyWIS-RF and DyWIS-XGBoost)
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FIGURE 7. ROC curves of the seven DyWIS classifiers at different rally checkpoints r = {20, 25, 30, 35, 40}.

reach AUCs between 0.83 and 0.89. By r = 35 and r = 40,
most classifier models surpass 0.90, with DyWIS-RF and
DyWIS-XGBoost reaching up to 0.98.

This trend aligns closely with the accuracy and F1-score
results but provides stronger statistical validation, as ROC
analysis evaluates model discrimination across all possible
thresholds rather than a single decision point. Across all
checkpoints, DyWIS tree-ensemblemodels andKNNachieve
the highest AUCs, followed by linear SVM. The polynomial
and RBF SVMs also improve as more rallies are observed but
remain slightly below the top-performing group, consistent
with the rankings reported in Table 5. Collectively, the ROC
curves confirm that later rallies contain richer predictive
information, and the proposed DyWIS framework effectively
leverages this evolving data without overfitting to the final
outcome.

We observed that deep models (RNN and Transformer)
do not show a consistent advantage over strong classical
approaches in this feature setting. Although their mean
accuracies are competitive, they do not surpass the best
ensemble or instance-based classifiers at the later rally
checkpoints. This indicates that, for live match prediction
using score-difference sequences, simpler classifiers within
the DyWIS framework can remain highly effective, offering
a favourable balance between predictive performance, inter-
pretability, and computational efficiency. Moreover, while
KNN is often viewed as memory-intensive in large-scale
deployments, its storage cost is modest in our formulation
because models are trained per player and each game is
represented as a fixed-length sequence. Even after SMOTE
balancing, each player’s training set contains at most a few
dozen game sequences, making the memory footprint of

FIGURE 8. Runtime comparison of the evaluated models under the DyWIS
framework (mean over 10 datasets).

the KNN reference set practical for real-time, match-side
analytics.

To further examine computational efficiency, we measured
the mean end-to-end runtime at r = 40, averaged across the
10 player datasets (Figure 8). The results show that DyWIS-
DT, DyWIS-KNN, DyWIS-rbfSVM, and DyWIS-linSVM
are substantially faster than DyWIS-RF and DyWIS-
XGBoost, while DyWIS-RNN and DyWIS-Transformer fall
between these extremes. Finally, the per-player breakdown
suggests that predictability is strongly player- and match-
context dependent: some players exhibit near-deterministic
late-rally outcomes for certain models (e.g., Kodai with
XGBoost reaching 100% accuracy at r = 40), whereas
others show more modest or fluctuating performance across
checkpoints. This variability is consistent with differences in
comeback likelihood, match closeness, and the possibility of
temporal drift in player performance patterns.

Across rally checkpoints, no single model consistently
achieves the top accuracy; instead, the best-performing
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classifier varies with rally length, indicating that the relation-
ship between score-difference features and game outcome
evolves during match progression. This suggests that a
stage-aware approach by selecting different classifiers for
early versus late rallies or an ensemble of complementary
models may provide a more robust win-probability estimator
than relying on a single classifier. Since the results indi-
cate checkpoint-dependent model dominance, a two-stage
strategy can be defined: (i) an early-stage predictor (e.g.,
RNN) used at r20–r25 where the outcome is less determined,
and (ii) a late-stage predictor (e.g., kNN) used at r35–r40
where score-difference states become more decisive. While
we do not explicitly evaluate such hybrid selection in this
work, the observed checkpoint-dependent ranking motivates
future work on rally-stage mixtures-of-experts or stacking
ensembles.

To address potential ceiling effects at later rally stages,
we additionally performed 3-fold cross-validation on three
representative players (Jonatan, Kenta, and Ng Tze Yong) and
report accuracy as mean ± standard deviation at r = 35 and
r = 40 (Table 7). Overall, the high mean accuracies at these
checkpoints are consistent with increasing determinism as
score differences approach player-specific decisive ranges.
However, performance is not uniformly perfect across folds,
where several models exhibit non-negligible variability,
particularly for Ng Tze Yong at r = 35, indicating that
late-stage accuracy still depends on match variability and
the training split. Kenta shows consistently high accuracy
with relatively low variance at r = 40, whereas Ng Tze
Yong exhibits lower and more variable performance at r =

35 but improves markedly by r = 40, supporting the
earlier observation that players with irregular scoring patterns
require more rallies for reliable outcome separation. These
results suggest that the near ceiling performance at later
stages reflects both structural score effects and residual model
sensitivity rather than inevitability alone.

B. ABLATION STUDY
To understand how each part of the framework contributes,
we conducted an ablation study on the same processed
men’s singles dataset. Models were trained separately for
each player as described in Table 3, with the minimum
length of rally, r = 25 selected as the standardized
input sequence length. The objective was to evaluate how
the absolute rule-based layer and the dynamic weighting
mechanism individually and jointly affect classification
performance. Four model variants were tested: baseline
classifier only, absolute win/loss threshold only, dynamic
weighting adjustment only, and the full DyWIS model.

All variants were tested on the same dataset and across
seven base classifiers (DT, KNN, RF, SVM, XGBoost, RNN
and Transformer), as reported in Table 8. The absolute
win/loss rule alone achieved an accuracy of only 21.27%.
This confirms that the deterministic thresholds by themselves
cannot handle intermediate rally states where the score
difference is not yet decisive. Similarly, using only the

baseline classifier yielded limited predictive accuracy, as the
models lacked contextual weighting.

In contrast, incorporating the dynamic weighting adjust-
ment to the ML and DL baseline models led to substantial
improvements across all classifiers. For example, accuracy
increased from 67.07% to 82.50% for DT, 74.41% to 85.27%
for KNN, 67.05% to 80.22% for RF, 67.43% to 84.36%
for XGBoost, 67.94% to 85.82% for RNN, and 65.93%
to 81.41% for Transformer. These results demonstrate
that integrating the historical win rate (wr ) and current
score influence (ws) information is the principal source of
performance gains.

The full DyWIS model achieved the highest overall results
for most classifiers, with KNN obtaining the best accuracy at
86.59%, followed by RNN at 85.80%. Several models such as
RF, RBF SVM, and Transformer achieved same accuracy at
85.19%. A minor exception was observed for DT and RNN,
where the ML+dynamic weighting variant (82.50% and
85.82%, respectively) slightly outperformed the full DyWIS
(81.96% and 85.80%, respectively). This suggests that the
rule-based layermay introduce slight uncertainty, particularly
during early rally phases before the score difference becomes
conclusive.

C. CASE STUDY: WIN VS. LOSS SCENARIOS
To illustrate how the framework behaves in individual
matches rather than only in aggregated statistics, we analyzed
two representative games. First, a winning match for Shi Yu
Qi game, and second, a losing match from Kodai Naraoka
game, as shown in Figure 9. In both plots, we display
four rally-wise components, including the predicted win
probability from the ML model with dynamic weighting
only (without absolute win/loss thresholds), the predicted
win probability from the full DyWIS model, the player and
opponent scores, and the resulting score difference.

In the winning case (Figure 9(a)), the player gains an
early lead, but the score gap does not exceed the absolute
win threshold xw until around the 10th rally. Once the
threshold is crossed, DyWIS rapidly pushes the predicted
win probability to 1.0, which effectively confirms the
victory and then maintains this decision. In contrast, the
ML with dynamic weighting increases the probability more
gradually and continues updating until the match ends,
since there is no rule-based threshold applied. While this
behavior may better reflect the continuous evolution of game
dynamics, it provides slower decision feedback compared
to DyWIS.

The losing case (Figure 9(b)) shows the opposite scenario
using the same framework. Here, the player falls behind
almost from the start, and the score gap widens over
time. Once the score difference reaches the predefined AL
threshold, xl (at the 20th rally), DyWIS immediately drives
the predicted win probability toward zero and keeps it there.
This rule-based mechanism enables the model to commit
early to a confident decision once the match becomes
decisively unfavorable. The ML with dynamic weighting
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TABLE 7. Cross-validation accuracy (mean ± standard deviation) for DyWIS variants at r = 35 and r = 40 using 3-fold validation on the Jonatan, Kenta,
and Ng Tze Yong datasets.

TABLE 8. Ablation study on the performance of proposed models and base machine learning models.

adjustment model follows a similar downward trend but
continues to update even after the outcome is effectively
clear.

In practice, this early decision-making capability of
DyWIS is valuable for real-time applications such as
live match analytics or in-play betting, where fast and
reliable updates are critical. This is also the main reason
we retain the Absolute Win/Loss Threshold component
within the DyWIS framework, even though using it in
isolation yields relatively low overall accuracy (see Table 8).
It provides the crucial mechanism that allows DyWIS to issue
timely, confident predictions once the game trend becomes
decisive.

D. COMPARISON WITH PREVIOUS WORKS
After analysing the DyWIS variants and their rally-by-rally
behaviour, we next compare the proposed framework with
existing badminton and other general sports outcomemodels.
Table 9 reports the results of three representative studies
that we reimplemented on the same dataset (Yuan et al.
[35], Hodge et al. [47], and Roumani et al. [63]) alongside
the DyWIS variants. These results are evaluated at the rally
checkpoint of r = 40.

Table 9 reports the accuracies for ten players as well as the
mean value across players. Since all models were evaluated
on the same preprocessed matches, the observed performance
differences can be attributed to the modelling strategy rather
than to data variation. Themethods fromYuan et al. [35] form
the lower band of performance, with mean accuracies ranging
from 80.97% (DT) to 85.98% (XGBoost). Both Hodge et al.
[47] and Roumani et al. [63] achieve higher accuracies than
Yuan et al. In particular, Hodge et al. report 87.74% with RF
and 89.12% with Gradient Boosting, while Roumani et al.
obtain 86.16% with RF. These results confirm that tree-based
ensemble models are effective for rally-outcome prediction,

even when they were not originally designed specifically for
badminton.

The proposed DyWIS framework exceeds this perfor-
mance range for most classifiers. DyWIS-KNN achieves
the highest mean accuracy at 93.37%, followed closely
by DyWIS-linSVM at 93.19% and DyWIS-XGBoost at
92.85%. For sequence-based variants, DyWIS-RNN achieves
91.37% mean accuracy, which is competitive but still
below the strongest conventional DyWIS classifiers, while
DyWIS-Transformer achieves 89.72%, remaining above
most prior baselines but not matching the top DyWIS
configurations. The DyWIS-polySVM variant also performs
strongly with 90.84%, outperforming all methods from
Yuan et al. and Roumani et al. Even the DyWIS-DT
reaches 89.39%, clearly above the decision-tree baselines
(80.97% in [35] and 84.69% in [63]). The only case
where the improvement is marginal is within the random
forest family. The DyWIS-RF and DyWIS-rbfSVM both
achieve 87.72%, which is effectively comparable to the RF
reported by Hodge et al. (87.74%). This suggests that the
RF-based models may already be operating near close to their
performance limit on this dataset.

A similar pattern is observed at the player level. For
athletes with more irregular match histories, such as Jonatan
Christie, Shi Yu Qi, and Ng Tze Yong, baseline methods in
Table 9 often remain below 88%, whereas DyWIS variants
routinely exceed 90% and in several cases surpass 93%
(e.g. DyWIS-KNN and DyWIS-linSVM). Notably, Ng Tze
Yong reaches 96.77% accuracy with DyWIS-Transformer,
which indicates that sequence-basedmodels can be especially
effective for specific player even though they do not dominate
the mean ranking across all players. This indicates that the
proposed framework is more effective at exploiting rally-
by-rally contextual information, in contrast to the earlier
studies that typically generate a single prediction from a static
feature vector. By reweighting the classifier output using the
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FIGURE 9. Progression of predicted winning probabilities from rally 1 to rally 25 for DyWIS and the ML model with dynamic
weighting together with score evolution. (a) Winning case: Shi Yu Qi’s game (b) Losing case: Kodai Naraoka’s game.

current score difference and player-specific absolute win/loss
thresholds, DyWIS stabilizes the prediction once the match
enters a decisive phase.

Overall, Table 9 shows that previous methods provide
competitive baselines in the 81–89% range, yet the proposed
DyWIS framework consistently lifts the best accuracies into
the 92–93% range across multiple classifiers. This confirms
that updating the model with the current rally score and

integrating absolute thresholds makes live badminton out-
come prediction more accurate and robust than conventional
static-feature approaches.

While DyWIS operates purely on rally-level score dif-
ferences, this representation primarily captures macro-level
properties of play such as momentum shifts, dominance
patterns, and resilience under pressure when trailing or
protecting a lead. It does not directly capture micro-level
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TABLE 9. Comparison performances of mean accuracy between proposed models and existing works.

tactical decisions e.g., stroke selection, shot combinations,
or spatial formations, nor physiological states such as
fatigue or recovery. As such, our framework should be
viewed as complementary to spatiotemporal or video-based
models that explicitly encode technical and positional
information.

V. CONCLUSION
This work presented a Dynamic Weighted Influence Score
(DyWIS) framework for in-game win probability prediction
in elite badminton men’s singles. Unlike conventional
approaches that rely on static features or computationally
expensive video-based inputs, the proposed method exploits
rally-level score differences, combined with player-specific
absolute win/loss (AW/AL) thresholds and dynamic weight-
ing based on historical win rates and current score progres-
sion. Using a large-scale BWF dataset of top-10 players,
DyWIS was integrated with several machine learning clas-
sifiers and evaluated at multiple rally checkpoints to reflect
realistic live-match scenarios.

Experimental results demonstrated that DyWIS consis-
tently improves performance over baseline classifiers and
prior badminton outcome models. At early stages (around
r = 20 rallies), the framework already delivers highly infor-
mative predictions, withmany player–classifier combinations
exceeding 80% accuracy and strong F1-scores, enabling
meaningful tactical decisions before a game reaches its min-
imum deciding rally. As rallies accumulate, prediction accu-
racy, F1-score, and AUC continue to increase, and for several
players the performance approaches near-deterministic levels
by r = 40. The ablation study showed that the dynamic
weighting component through historical win rate and score
influence is the main driver of performance gains, while the
AW/AL rule-based layer provides a mechanism for early,
confident decisions once the score enters decisive regions.
In comparative experiments, DyWIS-KNN,DyWIS-linSVM,
and DyWIS-XGBoost variants achieved mean accuracies of
93.37%, 93.19%, and 92.85%, respectively, outperforming
reimplemented baselines from the literature across most
classifiers and players.

Despite these encouraging results, several limitations
remain. The current study focuses on top-10 men’s singles
players, which constrains generalizability to broader ranking
levels, other categories (e.g., women’s singles, doubles),
and junior or amateur competitions. Extension to women’s
singles would require recalibration of player-specific AW/AL
thresholds and historical win-rate distributions. For doubles
categories, the framework could be adapted by redefining
score-difference trajectories at the pair level and incorpo-
rating pair-specific historical performance. Moreover, the
player-specific AW/AL thresholds are derived from historical
matches pooled across the 2018–2023 study period, which
may not fully capture temporal variations in player form,
dominance, or comeback ability across seasons. Time-
aware threshold estimation, such as season-specific or
rolling-window AW/AL updates could improve sensitivity
of DyWIS to evolving player performance. Furthermore,
although SMOTE was used to handle class imbalance, it does
not explicitly preserve the sequential nature of rally data
progression. This is because SMOTE interpolates between
samples in feature space without enforcing the sequential
constraints of actual badminton score development. While
this is partly consistent with the current DyWIS formulation,
sequence-aware augmentation strategies may provide more
realistic synthetic training samples in future work.

Nonlinear models also showed sensitivity to irregular play-
ing styles, suggesting that more advanced sequence-aware
architectures could further enhance robustness. Future work
will explore sequence-preserving andmultimodal extensions,
such as incorporating stroke type, spatial information, phys-
iological indicators, and momentum-sensitive features based
on the rate of change of score difference over recent rallies
to better capture short-term momentum shifts. In addition,
contextual match variables such as serving side may provide
further tactical and psychological information, which could
improve the sensitivity of DyWIS to in-game state changes
while preserving its real-time applicability. Also, the current
DyWIS framework is strictly match-internal and does not
explicitly account for external load factors such as cumulative
fatigue from tournament scheduling. Since prior badminton
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research has shown that participation load can affect per-
formance consistency, incorporating schedule-related fatigue
indicators may further improve rally weighting in future
work.

From a practical perspective, the proposed DyWIS frame-
work is lightweight, interpretable, and suitable for real-time
deployment. Its ability to update win probabilities after each
rally and to lock in outcomes once decisive thresholds are
reached makes it particularly attractive for coaching dash-
boards, performance analysis tools, broadcast augmentation,
and in-play decision support. Overall, this study demonstrates
that integrating score-difference dynamics with dynamic
weighting and absolute thresholds offers a powerful and
generalizable approach to in-game win probability prediction
in elite badminton.
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