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Abstract: With the global game industry entering a new stage of stock competition and experience value driven, accurate
prediction of user retention trend has become the core proposition of refined operation of enterprises. In order to solve the
problem that the behavior data is disconnected from the players' psychological state in online game retention prediction, this
paper proposes a prediction framework that combines psychological flow theory and LightGBM algorithm. By constructing the
quantitative index FlowIndicator of cardiac flow imbalance threshold, the qualitative psychological experience is transformed
into a dynamic tracking numerical system. Based on the behavior logs of 40000 MMORPG players, using LightGBM algorithm
and SHAP interpretability tool, a retention prediction system with time series adaptability is constructed. The experimental results
show that the AUC of the model test set reaches 0.93 and the F1 score reaches 0.89, which significantly improves the recognition
accuracy of the recessive loss signal and provides interdisciplinary methodological support for the refined operation of the game.
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1.

User retention rate is one of the key indicators for the
success of online game operation [1]. The retention forecast
identifies users who may lose or continue to be active by
analyzing players' behavior data, which is of great
significance for improving operational efficiency and
formulating intervention strategies [2]. Flow Theory is an
important psychological framework to explain users' highly
focused, immersive experience and continuous participation
in specific activities [3], which has been used to explain the
participation and continuous retention behavior of users [4].
Integrating flow theory into user behavior analysis can
provide theoretical support for understanding the
psychological mechanism of players' continuous participation,
and help to build a more effective retention prediction model.

With the development of artificial intelligence, machine
learning models have become the main tool for analyzing and
predicting user behavior [5]. As an efficient and extensible
open source tree model framework, Light Gradient Boosting
Machine (LightGBM) has achieved excellent results in
modeling practices in many fields such as user churn
prediction, sales prediction and recommendation systems [6-
10]. However, in the current online game user retention
prediction research, although part of the work uses machine
learning methods to model and analyze behavior data, few
studies combine the psychological motivation characteristics
of flow theory with LightGBM model to improve the
theoretical interpretation and prediction performance of the
model. Based on this, this paper proposes an online game user
retention prediction framework that integrates the
psychological characteristics of flow theory and LightGBM
algorithm, so that the theoretical mechanism and advanced
modeling technology can work together to improve the
understanding and actual prediction ability of players'
retention behavior.
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2. Theoretical Framework and Model
Construction

2.1. Quantitative Modeling of Flow Intensity

In this paper, the threshold index of flow imbalance,
FlowIndicator, is proposed for the first time to represent the
fitness between game difficulty and player level. The

calculation formula is as follows:
GameDifficultyNumeric

FlowIndicator= !
owlndicator= PlayerLevel+AchievementsUnlocked+€’ o

where, € = 107° is a smoothing factor to avoid division
by zero errors. The higher this indicator is, the more
challenging it is compared with the player's skill overload,
which is easy to lead to anxiety loss; Otherwise, boring loss
may occur.

2.2. Data Collection and Feature Engineering

Table 1. Original Characteristics and Descriptions of the Data

Original Characteristics Descriptions
Player id Unique identifier of the player
Age Player's age
Gender Gender of player
Location Player's region
GameGenre Game type
PlayTimeHours Time period for players to log in
to the game
InGamePurchases Whether players pay in the game
GameDifficulty Game difficulty level
SessionsPerWeek Average weekly login times of

AvgSessionDurationMinutes

players
Average duration of each game
login

PlayerLevel Player's level in the game
Number of unlocked
AchievementsUnlocked achievements of players in the
game
EngagementLevel The  degree of  players

participation in various activities




The research data comes from the behavior logs of more
than 40000 newly registered users of a head MMORPG game
in the third quarter of 2024. The original characteristics and
descriptions of the data are shown in Table 1. One Hot
Encoding is used for categorical features, and its original
scale is retained for numerical features to maintain the
robustness of the tree model.

2.3. Model Establishment

In this study, LightGBM is selected as the base model, and
its objective function includes loss term and regularization

term:
N K
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where F(x))=Y&, fi (x;) is the model output, f, is the
kth tree, Q(fk):’YT'i‘%}\.HWHZ controls the complexity of the

tree, T is the number of leaves, and w is the weight of the
leaves.
For binary classification, the loss function is cross entropy:

L(y;.p,)=-y; log (p,)-(1-y;) log (1-p,), (3)
where pi:ﬁ is the prediction probability.
Each iteration is optimized through gradient descent:
F(x)=F1(x)tn-fi(x), “)

where mn is the learning rate, and f; fits the current
negative gradient -Z—;
In this study, the Optuna framework is used for hyper
parameter search, with the objective of maximizing the
validation set AUC. The hyperparameter space is defined as

follows:

(1) Learning rate: n<[0.01,0.3]

(2) Tree structure: number of leaves num&[20,300],
maximum depth max €[3,12]

(3) Regularization: L1/L2 coefficient a,AE [10°%,10]

@) Sampling
colsample bytree €[0.6,1],subsample €[0.6,1]

Bayesian optimization models the objective function
f(0)=AUC(8) through Gaussian process or tree Parzen
estimator, and selects super parameter 6 to maximize the
expected improvement:

e*:argmeaxE[max(f(e)-f*,())]. (5)

In order to prevent over fitting, the verification set AUC is
monitored during the training. If it is not raised for 50
consecutive rounds, the training is terminated. The
complexity of the model is controlled by L1/L.2 regularization,
which punishes excessive leaf weight and enhances
generalization. At the same time, 60%-100% of the features
or samples are randomly selected in each round to reduce the
variance.

3. Results

3.1. Model Performance Evaluation

rate:

The experiment used 8:2 ratio to divide the training set and
the test set. The evaluation indicators are shown in Table 2:

It can be observed from Table 2 that the model shows
excellent performance in both the training set and the test set,
which verifies the advantages of interdisciplinary methods
integrating flow theory and machine learning. In the model
training phase, Bayesian super parameter optimization and
early stop mechanism were used to effectively balance the
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ability to capture complex behavior patterns and the need for
generalization. The F1 score of the test set was higher than
the industry baseline (0.85), indicating that psychological
quantitative indicators such as "FlowIndicator" significantly
improved the recognition accuracy of implicit loss signals.
The slight difference between the macro average (F1=0.92)
and the weighted average (F1=0.94) further reflects the
robustness of the model in balancing minority identification
and the stability of mainstream user prediction, which is in
line with the dual operational objectives of game enterprises
to "ensure the large market users" and "precisely intervene in
high-risk groups".

Table 2. The evaluation indicators of the model

F1 Sample

Accuracy Recall Score Size

Training Set 0.96 0.96 0.96 5940

Test Set 0.88 0.89 0.89 2067

Macro 0.92 0.93 0.92 8007
Average

Weighted 0.94 0.94 0.94 8007
Average

3.2. Confusion Matrix Analysis

The confusion matrix in Figure 1 shows the performance
of the model in the classification task. The number of
predicted 0 (churn/low) and actual 0 is 5685, which means
that the model successfully predicts these churn/low users.
The predicted number of 1 (retain/high) and the actual
number of 0 is 255, indicating that the model incorrectly
predicts that some lost/low users are retain/high users. The
number of predicted 0 (churn/low) and actual 1 is 219, which
indicates that the model also incorrectly predicts a small
number of retain/high users as churn/low users. The predicted
number of 1 (retain/high) and the actual number of 1 is 1848,
indicating that the model successfully predicted these
retain/high users.
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Figure 1. Confusion Matrix results

From these data, we can see that the model performs well
in predicting lost/low users, but there are still some errors in
predicting retained/high users, especially in the misjudgment
of lost/low users.

3.3. ROC Curve Analysis

The ROC curve in Figure 2 shows the relationship between
the false positive rate (FPR) and the true positive rate (TPR).



The AUC value is 0.93, indicating that the model performs
very well in classification tasks. The AUC value close to 1
indicates that the model can effectively distinguish between
retained and lost users, and has high discrimination ability.
The curve shows an ideal shape, indicating that the model can
achieve a higher true rate with a lower false positive rate.
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Figure 2. ROC Curve Result

3.4. SHAP Summary Chart Analysis

The SHAP summary chart helps us understand the impact
of different characteristics on the model prediction results. As
can be seen from Figure 3, “Sessions Per Week”, “Avg
Session Duration Minutes”, “Achievements Unlocked” and
other characteristics have a great impact on the prediction of
the model, especially those users with high characteristic
values have a significant positive effect on the prediction
results.

However, “Age”, “Game Difficulty Numeric” and other
characteristics have a small impact on the prediction results,
but still have a certain contribution. The figure shows that the
influence of different characteristics on the prediction results
varies significantly, which helps to understand the importance
of which characteristics in the retention prediction.
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Figure 3. SHAP Summary Chart
3.5. SHAP Dependency Chart Analysis

Figure 4 (a) shows the relationship between “FlowIndicator”

and “Avg Session Duration Minute” very intuitively. With the
increase of “Avg Session Duration Minutes”, the value of
“FlowIndicator” also increases. This indicates that players
who show flow state in the game will increase their game

duration, and the model believes that these players have a
high probability of survival.

Figure 4 (b) shows the relationship between “Player Level”
and “FlowIndicator”. With the increase of “Player Level”, the
value of “FlowIndicator” shows an upward trend, indicating
that with the increase of player level, players are more likely
to enter the flow state.

Figure 4 (c) shows the relationship between “Avg Session
Duration Minutes” and “Sessions Per Week”. As the number
of weekly game logins increases, the player's “Avg Session
Duration Minutes” value also increases, indicating that there
is a positive correlation between more frequent game
activities and longer game duration.

Figure 4 (d) shows the dependency between “Sessions Per
Week” and “Avg Session Duration Minutes”. The figure
shows that there is a positive correlation between the increase
in the number of games played each week and the increase in
the duration of each game, which further indicates that
frequent game participation may promote players' investment
and retention.
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Figure 4. SHAP Dependency Chart
3.6. Flow Threshold Surface Chart Analysis
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Figure 5. Flow Threshold Surface Chart

Figure 5 shows the impact of the two characteristics,
“Player Level” and “Avg Session Duration Minutes”, on the
prediction retention probability when the fixed FlowIndicator
is 0.02. It can be observed that when the values of “Player
Level” and “Avg Session Duration Minutes” are low, the
probability of retention is very low. This means that players
with low levels and short game duration are unlikely to be
predicted by the model as remaining.
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When these eigenvalues increase, the probability of
retention begins to rise significantly. Especially when the
player's level and conversation time reach a certain threshold,
the probability of retention increases rapidly, and the color of
the chart gradually turns to red, indicating that the probability
of retention increases significantly. This stepwise rise reflects
the strong influence of players' investment and growth on the
model prediction.

4. Conclusions and Outlooks

This research introduces the flow theory into the retention
prediction modeling. By building a FlowIndicator based on
"Challenge Skill Balance" and combining with LightGBM, it
realizes the effective prediction of the retention of new
registered users, and provides an explanation of the
importance of key behavior characteristics with the help of
SHAP, providing a basis for refined operation and experience
tuning.

At the same time, we still need to face several limitations:
First, the results of this study depend on specific data
environment and sample structure, and the portability across
game types, version cycles or regions still needs to be further
verified; In addition, online game behavior will drift with
version updates, activities and ecological changes, and static
offline models may suffer from performance degradation.
Finally, SHAP helps to explain the contribution at the
correlation level, but the interpretation may be biased in the
presence of feature correlation or dependency, and should not
be directly interpreted as a causal effect.

Based on the above limitations, future research can be
carried out along the path of "measurement closer to the heart
flow - model more adaptable to time changes - conclusions
more able to guide action": at the measurement level, multi-
dimensional subjective measurements such as flow scales are
introduced to calibrate or jointly model the FlowIndicator to
enhance the theoretical fit; At the modeling level, a drift
monitoring and rolling update mechanism is established for
version iteration and operational events to improve the
stability of online deployment; At the application level, from
"predicting who will lose" to "what kind of intervention will
be more effective", the intervention experiment or A/B test
validation model is used to explain whether the derived
experience optimization strategy can bring quantifiable
retention improvement, thus forming a closed-loop verifiable
operation scheme.
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