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Abstract: Game pre-ordering has become an important marketing method in the game industry; dozens of players choose their 
beloved games in this method. However, not all times of game pre-ordering come with a pleasant result, many players claimed 
that they were deceived by the publisher. We are enlightened to develop a tool based on machine learning and NLP to improve 
such situations and provide a suggestion of buying it or not. 
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1. Introduction  
Nowadays, Game pre-ordering has become an important 

marketing method in the game industry. However, when 
customers face pre-ordering a new video game, they are 
facing an awfully imbalanced position, the information 
presented are normally designed to be attractive and flawless, 
which makes it almost impossible to identify what games are 
worth the cost, and what not. In practice, such costly 
mismatches between pre-order and final quality of the game 
have repeated themselves, including Cyberpunk 2077, 
Starfield or Dragon Age: The Veilguard. 

To our researches on the existing studies, most studies were 
focusing on the predictions of sales volume, which means 
little attention was paid to the side of customers. In that case, 
A tool that available for the customers to make suggestions on 
buying games is essentially needed.  

Our framework is based on weakly-supervised text 
learning. First of all, we will be collecting data mostly from 
“Billbill”, a Chinese website. After some pre-work. Aiming to 
make algorithms learn how to tag the comments without any 
manual annotations, we applied a weakly-supervised models 
machine learning model combined with Bert and TF-IDF to 
extract features and stacking ensemble regression. And our 
article would be concluded as there parts, 1. the pre-work for 
data. 2. the extract algorithm. 3. the regression task.  

And, to develop a tool like this is not just for the good of 
the customers, but for the producers to choose their marketing 
plan wisely. 

2. The Pre-Work for Data 
Our pre-work for data could be divided as five parts, first 

is filtering the time of the data while crawling, second is 
constructing bag-level annotations. Third is clean the data and 
the fourth is constructing game-level dataset and the last one 
is some further analysis for data to be sure what techniques 
should we be using. 

2.1. Filtering the Data 
Dates we got include the name of the game, the score of the 

game, the comments and the date of comment. Only comment 
before the releasing date is valid, according to what gamers 

were exactly facing the unknown quality of the game. 

2.2. Constructing Bag-level Labels 
Our data are saved in a CSV file. Data are divided under 

three labels, the name of the game, the comments and the 
score of the game. The score of the game would be the bag-
level label for the game, and label the comment. 

2.3. Cleaning the Data 
As for the raw date we collected, we still need to clean them. 

For example, many content creators would have a giveaway 
event in their comment section, that would make those 
comments out value in predicting. So we have introduced 
Noise Keywords to block such data, including “subscribed, 
first one, followed, already repost”. 

2.4. Constructing game-level Dataset 
We have collected over 170,000 valid comments from 38 

different games. And divide 10 games into the test game 
collections. In order to improve the skills model using to learn 
how to label comments, we put the game posses extreme 
score into the training set. 

3. Technical Basis 
In this study, the entire framework is framed as Multiple 

Instance Learning (MIL) [1] problem. Semantic features of 
Chinese game reviews are obtained by using BERT 
(Bidirectional Encoder Representations from Transformers) 
[2], while local phrases are extracted by TF-IDF (Term 
Frequency-Inverse Document Frequency) [3]. And for the 
High-dimensional features are compressed by PCA (Principal 
Component Analysis) [4]. Our model consists of three 
channels, Semantic Channel, Structural Channel and 
Ensemble Channel. The Ensemble Channel is formed by four 
regressors, Ridge [5], Random Forest [6], Gradient Boosting 
Decision Trees [7] and Multi-Layer Perceptron [8]. The 
weights of each regressor and each channel are adaptively 
learned by Non-Negative Least Squares (NNLS) [9]. All 
models are implemented using scikit-learn [10]. (Identify 
applicable sponsor/s here. (sponsors)) 
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3.1. Weakly-Supervised MIL 
 In traditional MIL, bags are labeled as positive or 

negative, while all the instances inside remain 
unlabeled. A positive bag, it contains at least one 
positive instance, and the others could be negative or 
neutral. Formally, bag 𝐵 ൌ ሼ𝒙ଵ, … , 𝒙௡ሽ, 𝑌 ∈
ሼ0,1ሽ, follows standard MIL assumptions:  

𝑌 ൌ ሼ
1, ∃𝒙௜ ∈ 𝐵is positive,
0, ∀𝒙௜ ∈ 𝐵is negative.

 in the training set 𝒟 ൌ ሼሺ𝐵ଵ, 𝑌ଵሻ, … , ሺ𝐵ே, 𝑌ேሻሽ , 
MIL would be to learn from bag-level supervised 
learning, and mark the key instances without any 
instances-level labels. 

 In our prediction project, A game could be regarded 
as a bag, the comments are the instances and the score 
of the games are the labels of the bags. Since we are 
unable to knowing the exact contribution of single 
comment, we applied MIL to deal with such 
circumstances. 

3.2. Text Representation Models 
 In order to comprehend the semantic features from 

comments, we introduced BERT-Base-Chinese. By 
transforming non-structural Chinese comments into a 
fixed 768-dimensional vector to provide efficient 
features for MIL. In the purpose of deduce the effect 
of the noise from vast dimensions, after preliminary 
extractions, we introduced PCA (Principle 
component Analysis) to reduce the dimensions. In 
that case, key dimensions would be saved to a 200-
dimensional vector and significantly ease the stress 
for the hardware. However, BERT is incapable of 
catching local key phrases, in order to make use of 
them, we introduced the TF-IDF (Term Frequency-
Inverse Document Frequency). 

 TF-IDF Would collect Term Frequency, the more 
frequent the term appears in the current bag, the 
higher TF it get. And for those terms that have higher 
frequency in all the bags, it possesses lower IDF 
(Inverse Document Frequency). However, it is 
incapable of understanding the meaning of sentences, 
which is why it could be combined with BERT. In 
order to cooperate with BERT, it would also provide 
a 200-dimensional vector for further work. 

3.3. Regression Models and Ensemble 
Fundamentals 

 We ensemble four models, Ridge Regression, RF 
(Random Forest), GBDT (Gradient Boosting 
Decision Tree) and MLP (Multi-Layer Perceptron) to 
form a Instance-Level Multi-View Prediction 
Ensemble Channel and combine it with Structural 
Channel and Semantic Channel to form a Prediction 
layer and apply NNLS (Non-Negative Least Squares) 
to calculate the weight of each channel and produce 
the final prediction. the Semantic Channel is formed 
by Ridge, and produce prediction using 25-dimension 
vector generated by BERT. And Structural Channel 
is formed by Ridge, produce prediction by 
construction features. 

 
Fig 1. Framework of the multi-channel multi-view prediction 

model based on NNLS self-adaptive weight fusion 
 

 Ridge Regression is a variation based on Linear 
Regression, written as   

𝑚𝑖𝑛
𝒘

∥ 𝒚 െ 𝑿𝒘 ∥2
2൅ 𝛼 ∥ 𝒘 ∥2

2

which has great tolerance in noise. ∥ 𝒚 െ 𝑿𝒘 ∥ଶ
ଶ is to fit 

the error and the 𝛼 ∥ 𝒘 ∥ଶ
ଶ  is applied for punishing the 

model when overfitting. With such design, it is capable of 
dealing with circumstances with few data. Which is why we 
apply it in Structural Channel and Semantic Channel for they 
are based on bag-levels that possess few data. 

 RF is an ensemble regression method based on 
Bagging. In a given training set, through T times 
sampling with replacement, with sampled data we 
could form a Decision tree by minimizing the 
weighted sum of the left MSE (Mean Square Error) 
and the right after the split, written as: 

𝑦
̂
𝑅𝐹 ൌ 1

𝑇
∑

𝑡ൌ1

𝑇
ℎ𝑡ሺ𝒙ሻ

where ℎ𝑡 is the t regression tree. 
RF is robust to noisy features. In our channel, it could 

capture TF-IDF key words and reduce variance. 
 GBDT is based on Boosting, aiming to fit the 

residuals and construct a residual function. By adding 
the residual function to the current function, we 
would acquire a more accurate function, written as: 

𝐹𝑚ሺ𝒙ሻ ൌ 𝐹𝑚െ1ሺ𝒙ሻ ൅ 𝜂 ⋅ ℎ𝑚ሺ𝒙ሻ

where 𝐹𝑚  is the model after m times learning. 𝜂  is the 
learning rate and the ℎ𝑚ሺ𝑥ሻ is the residual function. In our 
channel, it could reduce bias. With the combination  between 
GBDT and RF, we have strong model to deal with the 
variance and bias. 

 MLP is a feedforward neural network. In its model, 
each input features is connected to neurons in the first 
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layer and weighted. Through linear transformations 
and activated by Activation Function, they would 
have been propagated through successive layers to 
produce prediction. 

𝒉ሺ𝑙ሻ ൌ 𝜎ሺ𝑾ሺ𝑙ሻ𝒉ሺ𝑙െ1ሻ ൅ 𝒃ሺ𝑙ሻሻ

Where ℎሺ𝑙ሻ
  is the output of the layer 𝑙 , and                   

the   ℎሺ𝑙െ1ሻ
 is the output of the previous layer.  𝑤ሺ𝑙ሻ is the 

weight matrix of current layer, 𝜎 is the Activation Function, 
which is ReLU in this article.  

 To integrate the four regressors, we introduced Non-
Negative Least Squares (NNLS), it would apply the 
Lawson-Hanson algorithm to calculate the proper 
weight for each regressors for better prediction. 
Written as: 

𝑚𝑖𝑛
𝒘൒0

∥ 𝑨𝒘 െ 𝒚 ∥2
2

Where 𝐴 ∈ ℝேൈெ  is a meta-feature matrix, 𝑁  is the 
bags (games in this article), and 𝑀 is the number of channel, 
each row of A contains the prediction of the scores of the bags 
made by each channels. 𝑤  is the weight vector to weight 
each channels. And 𝑦 ∈ ℝே is the actual score of the bag. 
𝑤 is a weight matrix to be learned, after solving, the sum of 
𝑤  is normally not equal to 1, we still need to yield 
interpretable contribution ratios for each channel and final 
prediction, written as: 

𝑤𝑗
𝑛𝑜𝑟𝑚 ൌ

𝑤𝑗

෌ 𝑤𝑘
𝑀
𝑘ൌ1



4. Experiment and Data 
In this section, we would present what our experiment 

shows in this project. In order to prove the efficiency of each 
method we apply in this model, we did some ablation 
experiment. Also, to provide suggestions for players to decide 
buying the or not, we set a standard as 75, for those games 
higher than it, they would be assigned as worthy of buying. 
And for those games predicted between 65 and 80, we set a 
Buffer Zone to warn players pre-order it with caution. 

4.1. Experiment Setup 
To better evaluate our model, we split the games as 

described at chapter II. 40 games including those with prior 
release (e.g. The Legend of Zelda: The Tears of The Kingdom) 
and those new IPs (e.g. Black Myth: Wukong). 

To assess our model, we introduce three regression metrics 

for Comment Level, MAE, RMSE and 𝑅2. The classification 
threshold for classifying the positive (worthy of pre-ordering) 
is set at 75, with a Buffer Zone between 65 and 80 for cautious 
recommendations. And three metrics to assess our model in 
game level, Game-Level Accuracy, weighted F1, High-Risk 
Misclassification Rate and the Buffer Zone Proportion. 
Weighted F1 is the weighted average of the per‑class F1 
scores, where the weight of each class is its proportion of 
samples in the test set. It is used to evaluate classification 
performance under class imbalance: a high weighted F1 
indicates that the model performs well on both the majority 
and minority classes, rather than achieving high accuracy by 
simply favoring the dominant class. And The High-Risk 

Misclassification is predicting a game of higher score than 75 
under 65, vice versa. 

For comparison, we include the four individual regressors 
applied in our ensemble channel—Ridge, Random Forest, 
GBDT, and MLP—along with their equal‑weight ensemble 
and a constant baseline that always predicts the training set 
mean score. All experiments are conducted on a 
consumer‑grade laptop with an Apple M‑series chip, using 
BERT‑Base‑Chinese for semantic feature extraction and PCA 
for reducing the dimensions. 

4.2. Comment-level Regression Analysis 
We analyze the results of our experiment, which is shown 

below: 
As shown in the table 1, we could conclude that their 

performances show a number of differences. Random Forest 

achieves best MAE (11.469) and 𝑅2 , followed by GBDT 

with its MAE (11.891) and 𝑅2(0.3763). While the other two, 
MLP and Ridge were lag behind. As a conclusion, RF and 
GBDT are better suited in the mixed feature space of the 
dense semantic representations (from BERT) with sparse 
keyword features. 

 
Table 1. Comment-Level Regression Analysis 

 
According to the table 1, we conclude that our model did 

have some advantages over those models above. Our Three-
Channel NNLS Fusion model displays better MAE, RMSE 

and 𝑅2  compare to all the other single models. NNLS 
effectively reduces the MAE (11.788 to 8.668) and RMSE 

(15.316 to 11.389) and 𝑅2  is improved from 0.3576 to 
0.6448. 

4.3. Game-level Classification 
Table 2. Game-Level Classification 

 
After analyzing how our models perform in regression 

tasks, we put our attention to the Game-level classification. 
We introduced game-level accuracy, weighted F1, high-risk 
misclassification rate and Buffer Zone Proportion to assess 
our model. 

As shown in the table 2, we compare the prediction 
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accuracy between Equal-weight Four-Model Average and 
Three-Channel NNLS Fusion. We can conclude that our 
method is ahead of the equal-weight one. 

According to this table, game-level accuracy is 70%, 
weighted F1 is 0.6818, High-Risk Misclassification is 0.0% 
and the Buffer Zone Proportion is 40.0%. It is inferable that 
our model has the above-average accuracy in classifying 
positive and negative. 

The key metric is the High-Risk Misclassification, which 
increases when model produce opposite predictions to the real 
game. Our model achieve 0.0% High-Risk Misclassification  
(30.0% for Equal-Weight Four-Model Average)means no 
games were predicted as the opposition, Which could be 

concluded as two reasons: first, the high 𝑅2  the Three-
Channel NNLS Fusion achieve; second, the Buffer Zone (65-
80) absorbs many of those uncertain games and avoid such 
misclassification:the three wrongly predicted games received 
negative predictions while they are positive, the model 
classified them as “wait-and-see” instead of predicting them 
as unworthy of buying. 

As for the Buffer Zone Proportion, our model is 10% higher 
than the Equal-Weight Four-Model Average. Considering 0.0% 
of High-Risk Misclassification, the model achieved better use 
when giving a suggestion on pre-ordering in the practice. 

According to what we have analyzed, our model achieves 
higher accuracy and reliability. 

4.4. NNLS Weight Analysis 
In this section, we would analysis how NNLS weight each 

channel: 
 
Table 3. NNLS Weight When with or Without Prior Releases 

 
As shown in the table 3, when having prior releases, the 

weight of Structural Model, Game-Level Text Model 
(Semantic) and Ensemble Model (Four Regressors) is 0.35, 
0.20 and 0.45. The weight for the Ensemble Model is the 
highest (0.45), which indicates its high ability in predicting 
with four ensemble regressors. The weight of Structural 
Model is 0.35, which indicates that the prior releases serve as 
an important factor for predicting sequel how releases behave. 
As for the Game-Level Text Model, which weights the least 
(0.20). We can infer that it possesses some missing 
information from the Ensemble Model. 

 
Table 4. Analysis of Games Without Prior Releases  

 
As shown in the table 4, we could see that when having no 

prior releases, the Ensemble Model produces highly 
concentrated predictions around the dataset mean, which 
explains why NNLS dropped the weight of Ensemble 
Model—for the Text Model demonstrates clearly superior to 

Ensemble Model 

4.5. Game-level Classification Details 
In this section, we examined the detailed predictions: 
For the ten predicted games, seven of ten games were 

predicted rightly, and without any High-Risk Mis-
classification. But three of ten games were underestimated by 
the model. 

For the Zelda and Resident Evil 9, model rightly predicted 
them as recommended games, but for the other four positive 
games were into the Buffer Zone (only Expedition 33 was 
predicted as positive). And the three games of the four were 
predicted in opposition (positive to negative).  

 
Table 5. Detailed Predictions for each game  

 
And the negative games were all predicted rightly, it 

appears that model achieved ability in identifying negative 
games, though the accuracy of predictions was not satisfying 
(12.94 of distance for Dragon’s Age: Veilguard) 

According to the analysis above, we could conclude that 
the model is avoiding high-risk predictions, the buffer zone 
and the three‑channel NNLS fusion together enable a 
conservative yet safe prediction strategy (three games were 
into the buffer zone) because the model defers judgement on 
uncertain games by placing them into the Buffer Zone instead 
of predicting them wrongly and providing harmful 
suggestions, and demonstrates strong ability to identify 
negative games. 

4.6. Conclusion and Future Direction 
In this section, we summarize the key findings and reflect 

the limitations. 
1) Our main framework is based on the Three-Channel 

design, Structural Channel provides a steady anchor for 
predictions, Semantic Channel provides supplemental 
information for the Ensemble Channel, and the Ensemble 
Channel provides signals with multi-view and fusion, but in 
certain circumstances, it would fail to work—that is when 
NNLS play its function, it enables the three channels 
organized organically and when Ensemble Channel fails to 
work, it would turn to the Semantic Channel and keep the 
model works. 

2) We did not do ablation experiments. First, NNLS 
distribution itself proves channel utility (one channel is useful 
when its weight is not zero); Second, by comparing the single 
models and the Ensemble model, we have already proved its 
efficiency. 

3) However, due to the hardware constraints us to do with 
more data and bigger pre-trained model. 38 games and the 
number of comments were not sufficient, data resources 
should have been multiple and not just one single platform. 
Structural features should have been more various—type of 
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the games, the scale of the workshop—and not just the score 
of the prior releases. And examine the model with rigorous 
ablation experiment. 
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