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Abstract: Accurate gender prediction is crucial for businesses to offer personalized services to their
customers. To address the issue of low prediction accuracy typically associated with traditional
machine learning techniques in commercial recommendation systems, a parallel hybrid prediction
model was proposed. This model combines convolutional neural networks (CNNs), bidirectional
long short-term memory (BiLSTM) networks , and an attention mechanism, forming a hybrid CNN-
BiLSTM-attention mechanism model. By leveraging the CNN’s ability to capture local features,
the BILSTM’s strength in processing the contextual information of sequential data, and the attention
mechanism’s focus on relevant data, the model improves gender prediction accuracy. Additionally, the
research utilized the ANOVA method and random forest models to extract relevant features, applied the
continuous bag of word (CBOW) algorithm to vectorize clickstream text data, and employs the parallel
CNN-BiLSTM-attention mechanism model for gender prediction. The results show that this proposed
model outperforms individual models in gender prediction accuracy. This development establishes
a strong foundation for merchant recommendation systems, allowing them to deliver more accurate
service recommendations.
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1. Introduction

In the current digital era, recommendation systems are crucial in sectors such as e-commerce,
social media, and entertainment platforms. By analyzing users’ past behaviors and preferences, these
systems deliver personalized content suggestions, thereby enhancing user satisfaction and the overall
experience. However, traditional recommendation systems primarily generate results based on
browsing history, purchase records, and rating data [1-5]. While effective, this approach does not
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fully leverage other potentially valuable user data. One such factor is gender, which significantly
influences consumer behavior, interests, and purchasing decisions. Therefore, incorporating gender
into recommendation systems can improve both the accuracy and personalization of
recommendations. However, accurately determining a user’s gender remains a challenge, particularly
when users do not explicitly disclose this information.

By analyzing users’ historical behavior and personal data, a robust gender prediction model can be
developed to provide more accurate personalized recommendations. This model holds considerable
practical value in areas such as targeted advertising and marketing.

2. Related work

The gender prediction system [6], based on statistical machine learning, addresses the gender
prediction problem in online transnational e-commerce data by utilizing unique ID decomposition,
historical generation based on a context window, and the extraction of a consistent hierarchical
structure from the training set. However, this approach has some limitations. It heavily relies on the
specific structure of e-commerce data, and its generalization ability to other types of data may be
restricted. If the data format or business model changes, the model may require significant
re-engineering.

Literature [7] proposes a method to predict user gender and age using behavior, service, and
contract information. This method relies on call records, customer relationship management, and
billing information to analyze telecom customer behavior and establish an accurate algorithm for
demographic attributes. However, this method is constrained by its reliance on telecom-specific data
sources, making it less applicable in scenarios where such telecom-related data is unavailable.
Moreover, the feature extraction process is primarily focused on telecom-specific behaviors, lacking a
comprehensive approach to analyze more general user behavior.

To address the challenges of age and gender classification in intelligent systems based on face
images, particularly in military, criminal investigation, and visa processing fields, literature [8]
proposes an enhanced framework for age prediction and gender classification. The benchmark
datasets, FG-NET and HQFaces, were reduced dimensionally using partial least squares technology.
A multiple regression model was employed to classify age, and a support vector machine (SVM) was
used to classify gender. While the framework demonstrates superior accuracy in age prediction and
gender classification compared to some other techniques, it is limited to face-image data. It cannot
process non-visual data, such as text or audio, for gender prediction, narrowing its
scope of application.

In literature [9], natural language processing (NLP) and machine learning methods are applied to
extract various personality characteristics from text data to predict the author’s age and gender. The
approach integrates NLP technologies such as word segmentation, word reduction, and language
modeling with logistic regression (LR), random forests, decision trees, and support vector machines,
achieving good prediction results. However, this method mainly focuses on text-specific features and
may not be effective at incorporating other types of user behavior data. Additionally, combining
multiple algorithms can lead to high computational complexity and potential overfitting issues.

Literature [10] discusses the relationship between unsupervised and supervised machine learning,
proposing a topic model based on open-source data that outperforms popular commercial
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applications. Gender prediction algorithms are used to reveal clear topic differences between male and
female scholars. However, this model primarily focuses on topic analysis for gender prediction, which
may not be suitable for scenarios where the main data source is user behavior rather than text topics.
Additionally, it may not fully exploit the sequential and contextual information in user behavior data.

In deep-learning technology, speech features are automatically generated through reinforcement
learning of raw data, offering stronger recognition ability than manually generated features [11].
Entropy-based information theory and rough set theory (RST) are used to extract and select
informative and accurate acoustic features related to gender recognition. A deep neural network
model, composed of a CNN and a gated recurrent unit network (GRUN), is employed to extract useful
features for gender recognition from audio-speech signals. Based on this feature vector, the hybrid
gender-recognition model can effectively identify gender from speech signals. However, this
approach primarily focuses on audio-speech data and cannot process other data types such as text or
general user behavior. Furthermore, the model’s performance may be influenced by the quality and
diversity of the audio data.

Digital communication offers users the ability to select virtual gender through physical anonymity
and improve author characterization by exploring the additional duality and biological-gender
information in text-based document gender prediction. This method also compares and evaluates
gender-prediction performance under various conditions and quantitatively assesses users’ virtual and
biological genders in real-time text-based online-messaging services [12]. The prediction accuracy
reached 85.4%. However, this method is primarily suited for text-based online messaging scenarios
and may not handle more complex user-behavior data from multiple sources.

This paper aims to explore a machine-learning-based approach to predict a user’s gender by
analyzing user behavior and other relevant characteristics. We propose a hybrid parallel deep-learning
model based on CNN-BiLSTM-attention. Unlike previous studies, which often focus on a single data
type (such as e-commerce, telecom, face-image, text, or audio data), this model can comprehensively
process various types of user-behavior-related data. It combines the strengths of CNN for feature
extraction, BiLSTM for capturing sequential dependencies, and an attention mechanism for
emphasizing important features. This hybrid approach enables the model to better capture complex
patterns in behavioral data, particularly temporal and contextual information. While previous models
may struggle to handle sequential or contextual data, or fail to generalize across different data types,
the multi-layer architecture of this proposed model outperforms simpler models in terms of prediction
accuracy. It is adaptable to a wider range of data sources and user-behavior analysis scenarios,
offering a more comprehensive and accurate solution for gender prediction.

3. Description of user consumption behavior characteristic data

The dataset used in this paper is sourced from the Tencent 2020 Advertising Algorithm
Competition Dataset. The original dataset comprises 2.7 million training samples and 670,000 test
samples, with identical data structures for both sets. Each sample represents a series of behaviors and
related information generated by a user. The specific meanings of the features in the dataset are
detailed in Table 1. The training and test datasets are stored in separate CSV format files. Given that
the dataset contains missing values, imputation is employed to handle these gaps. The method used
for imputation is mean imputation, where the missing values in each column are replaced with the
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mean value of that column.

Table 1. The meaning of each feature in the data set.

Feature Feature declaration

time Day, granularity of time, integer value, value range [1,91]

userld userld with random numbers from 1 to N, where N is the total number of users
creativelD The ID of the AD material that the user clicked on

clickTime The number of times the user clicked on the AD material that day
adID The ID of the AD to which the material.

productID The ID of the product advertised in the advertisement
productCategory  The category ID of the product advertised in this advertisement
advertiserID ID of the advertiser

industry The ID of the industry the advertiser belongs to

gender User gender, value range [1,2]

After processing the missing values, user gender information can be analyzed and mined from the
user’s historical click data. In the training dataset, the user’s advertisement (AD) click records are
arranged chronologically to generate the user click stream data. Since the information represented
by different IDs in the training set varies, the click streams for these IDs are generated separately to
extract additional features. The click stream information for users is captured in chronological order,
as illustrated in Table 2.

Table 2. Click flow information for users.

userID  clickFlow

1 821396 209778 877468 1683713 122032 71691 1940159 90171 2087846 ...
63441 155822 39714 609050 13069 441462 1266180 1657530 1696925 ...
661347 808612 710859 825434 593522 726940 392052 1173863 862241 ...
39588 589886 574787 1892854 1962706 2264105 1230094 31070 2348342 ...
296145 350759 24333 43235 852327 1054434 1054434 1296456 1248711 ...

whn B~ W N

Figure 1 shows the distribution of click stream data lengths. As can be seen from Figure 1, the
lengths of the click streams vary, and a padding operation is required to either truncate or fill with zeros.

4. Materials and methods

4.1. Feature selection using ANOVA

Analysis of variance (ANOVA) is a statistical method used to test the differences in mean values
between different groups. It evaluates the influence of independent variables on dependent variables
by decomposing the variance in the data.
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Figure 1. Distribution of click stream data length information.

4.1.1. The basic mode of ANOVA
The ANOVA model can be expressed as follows:

Yij:,u+Ti+€ij (41)
where Y;; represents the j-th observation in the i-th group, u is the overall mean, and 7; represents the
treatment effect of the i-th group. ¢; is the random error , assumed to follow N(0, o2).

4.1.2. Hypothesis testing

Null hypothesis (Hy): All group means are equal, i.e., 7; = 7, = ... 7, = 0. Alternative hypothesis
(H1): At least one group mean is different.
4.1.3. Variance decomposition

The total variance (SS7T) is decomposed into between-group variance (SS B) and within-group
variance (S S W):

SST =SSB+SSW (4.2)
k n
SST =) > (¥ - ) (4.3)
=1 j=1
k
SSB= Y n (T~ ) (4.4)

i=1
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SSW = Zk: i(YU - 1) (4.5)

i=1 j=1

4.1.4. F-statistic

The F-statistic is calculated to test the significance of group differences:

MSB
F=—— 4.6
MSW (4.6)
where MS B is the mean square between groups, MS W is the mean square within groups.
SSB
MSB=—— 4.7
k-1 “.7)
SSwW
MSW = —— 4.8
N % (4.8)

4.1.5. Decision rule

It F>F,_ . reject Hy, and otherwise, fail to reject Hy. If Hy is rejected , a post-hoc test can be
conducted to identify which specific groups differ.

The correlation between the features of this dataset is shown in Figure 2 and Table 3 below. A
higher F-statistic indicates stronger evidence that the feature is related to the target.

Table 3. F-values and p-values for feature selection.

Feature F-value P-value
creativelD 297.721574 1.041753 x 10796
clickTime 6.493321 1.082811 x 1072
AdID 324.147680 1.826937 x 10772
ProductID 16025.218507 0
ProductCategory 3890.076634 0

AdvertiserID 1677.802357 0

industry 12758.699942 0

As can be seen from Table 3, the F-value of the creativeld feature is 297.72, and the p-value is very
small (approximately 1.04 x 107®), indicating a significant linear relationship between the feature and
gender. The F-value of the clickTimes feature is 6.49, and the p-value is about 0.01. Although the
F-value is small, the p-value is still below the significance level of 0.05, suggesting that the linear
relationship between the clickTimes feature and gender is statistically significant. The F-value of the
adld feature is 324.15, and the p-value is very small (approximately 1.83 x 1077?), indicating a
significant linear relationship between the feature and gender. For productld, productCategory,
advertiserld, and industry, the F-values of these features are very high, and the p-values are close to
zero, indicating that the linear relationships between these features and gender are highly significant.

In summary, based on the results of ANOVA, it can be concluded that there is a significant linear
relationship between these features and gender. In particular, productld, productCategory, advertiserld,
and industry have a significant impact on gender.
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Figure 2. ANOVA F-number for each feature.

4.2. Feature selection using random forest models

Tree-based models [13] are more suitable than ANOVA for analyzing advertising click-stream
data. First, click-stream data often exhibits non-linear characteristics, and tree-based models are
well-equipped to handle non-linear relationships and complex interactions, whereas ANOVA assumes
linearity. Second, tree-based models can automatically perform feature selection and rank feature
importance, which helps identify key factors influencing clicks. In contrast, ANOVA mainly tests
group differences and requires additional methods for feature selection. Lastly, tree-based models are
more robust to noise and outliers in the data and can handle categorical and mixed-type data
directly, which ANOVA cannot. For these reasons, feature selection in this paper is based on tree-
based models.

4.2.1. Construction of decision trees

In a random forest, the construction of each decision tree is typically based on criteria such as
information gain for classification trees [14]. For a dataset D and a feature A, the information gain

IG(D,A) is defined as:
D, |

IG(D,A) = H(D) - ——H(D,) 4.9)
veV;s(A) |D|
where (H(D) = -3, p(C)log, p(c;) is the information entropy of the dataset D, p(c;) is the

probability of class ¢; in the dataset D, n is the number of classes, (values(A)) is the set of values of
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[Dy|
DI

feature A, D, is the subset of D where feature A takes the value v,
dataset D, and H(D,) is the information entropy of subset D,.

Information gain measures the reduction in informational uncertainty after using feature A to
partition the dataset D. The larger the information gain, the greater the contribution of this feature to
classification, making it more suitable as a splitting node for the decision tree.

is the proportion of subset D, in

4.2.2. Construction of random forest

A random forest constructs multiple decision trees through bootstrap sampling and random feature
selection.

Randomly sample n samples with replacement from the original dataset D to form a new dataset
D, (where b represents the b-th bootstrap sampling), which is used to construct the b-th decision tree.
This sampling method makes the training data of each decision tree slightly different, increasing the
diversity of the model.

When constructing each node of each decision tree, instead of considering all features, randomly
select m features (m < p, where p is the number of original features), and then select the optimal
splitting feature from these m features. This can further increase the differences between decision
trees.

4.2.3. Prediction of random forest

For a new sample x, the prediction results of B decision trees in the random forest are
f1(x), fo(x), -, fe(x), respectively. The final predicted class y is determined by majority voting:

B

y = argmax, Y I(fy(x) = ¢) (4.10)

b=1

where /(+) is the indicator function. When the condition in the parentheses is true, I(-) = 1; otherwise,
I(-) =0.

Each decision tree in the random forest classifies and predicts the sample x. The random forest
aggregates the prediction results from all the decision trees and selects the class that appears most
frequently as the final predicted class.

The feature importance results after performing feature selection using a random forest are shown
in Figure 3 and Table 4 below. Random forest evaluates feature importance by measuring how much
each feature contributes to the splitting of nodes in the decision tree structure, reflecting their impact
on predicting the target variable.

Creative_id (0.320354) and ad_id (0.309683) have the highest importance, suggesting that these
features play the most significant role in the model’s predictions. They are likely to be crucial because
they directly relate to specific advertisements and their characteristics, which can effectively
differentiate ad performance.

Advertise_id (0.133829) and industry (0.120221) also show notable importance, indicating that the
advertiser and industry information are relevant for predicting click-through rates or ad effectiveness.

Product_id (0.074904) and product_category (0.023294) have relatively lower importance, likely
because the product itself has less impact on ad effectiveness.
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Figure 3. Bar chart of feature importance.

Table 4. Rank the importance of features.

0 creative_id 0.320354
2 ad_id 0.309683
5 advertiser_id 0.133829
6 industry 0.120221
3 product_id 0.074904
4 product_category 0.023294
1 click_times 0.017715

Click_times (0.017715) has the lowest importance, indicating that historical click counts have a
weak influence on current ad performance, possibly because they lack context regarding the current ad
placement.

These results help identify which features contribute most to the model’s performance, providing
valuable insights into feature selection and optimization for practical applications.

4.2.4. Data set unbalance verification

Verifying the imbalance in the dataset is crucial, as unbalanced data can lead to the model
overfitting to the majority class, resulting in poor prediction performance on minority class samples.
By checking for imbalance, potential issues can be identified early, allowing for corrective actions like
oversampling, undersampling, or adjusting model weights. These steps can enhance the model’s
accuracy and generalization across various sample types, prevent bias, and enable the model to better
reflect the true distribution and patterns in the data.
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Figure 4. Bar chart of feature importance.

The imbalance verification results of the dataset are shown in the figure below. From the figure,
it can be seen that the proportions of gender label 1 (male) and 2 (female) are 0.4599 and 0.54003,
respectively, with an imbalance rate of 1.17. This indicates that the proportion difference between
the two categories is small, suggesting that the dataset is relatively balanced across the categories.
As a result, the model is less likely to encounter significant bias or overfitting issues during training,
allowing it to treat all categories fairly and potentially achieve better generalization performance.

4.3. Word embedding technology

The clickstream data consists of discrete material IDs, which cannot be directly used for training.
However, these data can be treated similarly to words and encoded using natural language processing
techniques, specifically word embedding methods. By leveraging the context of each material ID, the
clickstream data is transformed into word vectors. To avoid high dimensionality, these material IDs
are represented by low-dimensional vectors. The similarity between different clickstream vectors is
determined by calculating the cosine similarity between their corresponding word vectors, ensuring
that vectors with similar meanings are closer together. This approach helps capture the semantic
relationships within the clickstream data.

In word embedding methods, the continuous bag of words (CBOW) algorithm is employed to train
the clickstream data. The CBOW model predicts the target word based on its surrounding context
words. The fundamental concept is to use the vector representations of context words to estimate the
probability distribution of the target word. Given a context window of size 2 m, the model processes
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the context words to predict the target word’s vector representation, and the vector representations of

the context words are W._,,, We_.11, . . ., Wei. The average on the context vectors is:
1 m
h=s- > W 4.11)
m i=—m
i#0

The probability of the target word W, is computed using the softmax function:

exp(W/ h)
- exp(W/ h)

P(Wt | Wems ooy Wc+m) = (412)

where W, is the vector representation of the target word. V is the vocabulary size. The CBOW model
aims to maximize the log-likelihood of the target word:

T
= ) 1og POW, | Weepn oo Wen) (4.13)
=1

where T is the number of training samples.
To reduce computational complexity, CBOW often uses negative sampling. The objective function
1s modified as:
r= ) loga(W/h)+ > logo(~W/h) (4.14)
(t.c)eD (tOED
where D is the positive sample set (target word and context word pairs), D’ is the negative sample set
(randomly sampled word pairs), and o7(-) is the sigmoid function.

The CBOW model predicts the target word based on context words, using the average of context
vectors and the softmax function to compute the probability distribution of the target word. Negative
sampling is often used to improve computational efficiency.

The steps of the word embedding algorithm are described as follows:

Step 1: Prepare the click stream sample without click records and convert the click stream data of
each user from characters to a list of component words.

Step 2: Set the minimum word frequency, word vector length, and context window size, and then
train the click stream list using the CBOW algorithm.

Step 3: Initialize a matrix to store all vectors, where the number of rows is the total number of words
+1, the number of columns is the word vector dimension, and it holds the word vectors for all words.

Step 4: Encode and pad the words in the word vector matrix.

Step 5: Sort and store the word vector matrix accordingly.

5. Hybrid parallel architecture for gender recognition

The hybrid parallel architecture, as illustrated in Figure 5, consists of the embedding phase, the first
parallel BILSTM phase, the second parallel CNN phase, and the merging phase.

By integrating CNN, BiLSTM, and attention mechanisms, the model is able to extract features at

multiple levels. The CNN captures local features through convolutional kernels of varying sizes, while
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the BiLSTM provides a global context across time. This combination allows the model to capture both
local patterns and global temporal dependencies, enhancing its ability to understand complex data.

The hybrid architecture takes advantage of the strengths of both the CNN and BiLSTM, making it
more effective in many applications compared to using either model in isolation. This is especially
beneficial when both spatial and temporal features are crucial. The multi-layer BiILSTM captures
temporal dependencies, while the CNN excels at extracting local spatial features. The final
concatenation step merges both feature types, resulting in improved overall performance.

Incorporating an attention layer into the architecture brings significant benefits. It allows the model
to focus on the most important parts of the input sequence, improving its ability to capture key
features. By applying the attention mechanism to the RNN output and performing pooling operations,
the model’s representational power is strengthened, enabling it to learn data patterns more accurately
and, as a result, enhancing prediction accuracy.

Reverse LSTM layer

Forward LSTM layer

1
Full connection layer i

]

0000 - @]
\ / :
i

i

]

1

1

1

]

i

i

i

]

1

1

Output layer

Input times series data

Figure 5. Hybrid parallel architecture.

5.1. CNN principle structure

The CNN is a type of deep neural network commonly used in image recognition [15—17], natural
language processing [18], and speech recognition [19]. It extracts features and reduces the
dimensionality of input data through convolution operations, enabling efficient processing of complex
data. The 1D convolutional neural network (ID-CNN), a variant of CNN, is particularly effective in
tasks such as speech recognition, natural language processing, and time series prediction, as it excels
at capturing local relationships within sequence data.

This paper utilizes a parallel CNN component consisting of three one-dimensional CNNs to
extract feature information. The convolution kernels used are of sizes 3, 4, and 5, which facilitate
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feature extraction at different scales. A global maximum pooling layer is applied to the convolutional
results, selecting the maximum value from each filter. These pooled values are then concatenated and
combined with the results from the RNN.

5.2. BiLSTM model

LSTM is a variant of the RNN designed to address the issues of gradient vanishing and gradient
explosion that occur when traditional RNNs process long sequence data. By incorporating gating
mechanisms, LSTM can effectively capture and retain long-term dependencies.

The fundamental component of LSTM is the memory cell, which consists of the input gate, the
forget gate, and the output gate. These gates control the flow of information, enabling the network to
maintain long-term memory and perform selective forgetting. The corresponding calculation formulas
for these components are given in Eqgs (5.1)—(5.6):

iy = 0wy [y, %] + b)) (5.1)
C, = tanh (we - [y, %]+ be) (5.2)
fi=o (W Thet,x] + by) (5.3)
01 = 0 (W, - U1, %] + by) (5.4)
C=fi0C+i0C (5.5)

h = 0, ® tanh(C,) (5.6)

where i;, f;, o, denote the input gate, forgetting gate, and output gate, respectively. w;, we, Wy, W,
represent weight matrices. b; ,bc, by, b, are bias terms. o is the sigmoid activation function. C; is the
candidate cell state vector, and C, is the updated cell state.

LSTM can process information in only one direction of the data sequence, while the
BiLSTM [20,21] combines both forward and backward LSTMs. This configuration places one LSTM
before and after each training sequence, with the two unidirectional LSTMs connected at the same
layer. The network can encode not only the previous information at the current time step but also the
subsequent information, capturing the relationships of feature changes throughout the sequence. This
allows the model to predict the next state of the sequence more accurately by considering both
forward and backward directions. The BiLSTM model structure [22] is shown in Figure 6.

Electronic Research Archive Volume 33, Issue 4, 2366-2390.



2379

@ @ @

N Ir"T y K'T
+ ) ; l

o—
X,
3

i

} 5=

3
ir®
g
]
A 'y
ire-s¢
d

3
B
-

]

Figure 6. BiLSTM network structure.

ok

5.3. Attention mechanism

In the attention mechanism, each element of the input sequence is assigned a unique weight, which
is determined by calculating the correlation between different parts of the sequence. When the context
information provided by BiLSTM is combined with the attention mechanism, it significantly
enhances the model’s performance across various tasks, particularly those that require capturing
long-term dependencies. This combination improves both the accuracy and quality of the model’s
outputs. The structure of the attention mechanism unit is shown in Figure 7.

uonuany

Figure 7. Attention mechanism structure [23].

The attention mechanism is calculated as follows:
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(1) Calculate the similarity scores.

For the scaled dot-product attention, first calculate the dot product between the Query and Key.
Here, the Query, Key, and Value are all X, and the similarity score matrix S € R™” is obtained as
S = XXT.

(2) Scale the scores.

Since use_scale = True, the scores need to be scaled. The scaling factor is Vd, and the scaled score
matrix i8 S seged = id.

(3) Apply the Softmax function.

Apply the Softmax function to the scaled score matrix to convert the scores into a probability
distribution, obtaining the attention weight matrix A € R™”. The formula is A = Softmax($ scaseq)
where the definition of the Softmax function is Softmax(x;) = ﬁ

(4) Calculate the attention output. '

Multiply the attention weight matrix by the value matrix (here the value matrix is also X) to obtain
the attention output matrix O € R™¢, The formula is: O = AX.

(5) Global average pooling operation.

After obtaining the attention output O € R™ through the above steps, perform the global average
pooling operation. Global average pooling calculates the average of each feature dimension over the
sequence length dimension, resulting in a vector O ,..¢ With a dimension of R?. The formula is:
O pooied = % >y O; where O; is the i-th row of the attention output matrix O.

The entire attention calculation process (including attention calculation and global average pooling)

can be expressed as:
n

1 XXT
Opotea =~ D (Softmax( 7 )X) (5.7)

i=1

5.4. Prediction process of the CNN-BiLSTM-attention parallel model

The model first uses an embedding layer to map a sequence of click streams into a 100 X 64 matrix
vector, which is then fed as input to the first BILSTM layer and the parallel Conv1D layer.

Through the operation of the three-layer BiLSTM network, the matrix is transformed into a
60-dimensional feature vector, and a 60-dimensional context vector is generated using the attention
mechanism.

Three parallel convolutions, followed by a maximum pooling operation, filter out the important
local features. = The outputs from the three parallel convolutions are concatenated into a
30-dimensional feature vector. The output from the attention mechanism is then merged with the
results of the parallel convolution operations, and the combined output forms a 90-dimensional
feature vector, which is activated by the Softmax function.

Once the characteristic information is obtained, a specific value is generated, corresponding to the
predicted result. The BP algorithm is then used to compute the loss between the actual and predicted
values, and the parameters are updated layer by layer for the next round of training.

6. Experiment and analysis

The experimental environment in this paper uses the Windows 11 system, Python 3.11 as the
programing language, and the Keras framework based on TensorFlow 2.12.0. The detailed
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environment configuration is shown in Table 5.

Table 5. Experimental environment configuration table.

Name Specification and model
Operating system Windows11
Programing environment Python3.11

Deep learning framework Tensorflow2.12.0
Natural language processing library Gensim

Numerical calculation Numpy1.23.5

The parameters for Word2Vec training are as follows: The minimum word frequency is set to 2,
meaning that words with a frequency lower than 2 will be filtered out and will not participate in the
training process. This helps minimize the impact of low-frequency words on the training results.

The context window size is set to 3, indicating that during the word vector training, the maximum
distance between context words and the current word is 3 words. Specifically, for a given center word,
the 3 words before and after it are used as context to train the word vectors, which helps capture the
local semantic relationships between words.

The word vector dimension is set to 64. This parameter defines the number of dimensions for each
word in the vector space. A higher dimension allows the word vector to represent more information,
but it also increases computational complexity and storage requirements.

The training algorithm (sg) is set to 0, which indicates the use of the CBOW (continuous bag-of-
words) algorithm for word vector training. Additionally, the skip-gram method is tested and verified.
Experimental results show that whether the sg parameter is set to O or 1, it has a negligible impact on
the efficiency of word vector training.

In the CNN section of the model, the kernel sizes are set to (3, 4, 5), and the number of channels is
set to 10. The ReLU activation function is chosen, as it effectively mitigates the vanishing gradient
problem and enhances the network’s ability to learn non-linear representations. The global
max-pooling method is used to extract the maximum value from the feature map, retain the most
prominent features, and reduce the feature dimensions.

In the BiLSTM section of the model, the number of bidirectional LSTM units in each layer is
set to 100, 60, and 30, respectively. This decreasing configuration helps refine features progressively
while reducing the number of parameters and computational complexity. The bidirectional structure
enables the model to learn information from both the preceding and succeeding parts of the sequence,
improving its ability to understand the context.

For gender prediction, the Adam optimizer and sparse categorical cross-entropy loss function are
used to evaluate accuracy. The sparse categorical cross-entropy loss function is appropriate when the
target labels are integers. Instead of using one-hot encoding, sparse categorical cross-entropy directly
compares the predicted probability distribution to the integer class label.

In gender prediction, the model learns to predict the correct gender by minimizing the loss, which
represents the negative log-likelihood of the correct class. The lower the loss, the more accurate the
model’s predictions are. Sparse categorical cross-entropy is particularly suitable for binary
classification tasks where each input has a single class label.
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During model training, the model.fit method is called with the clickstream and gender label data,
after word vector training, as input. The model is trained for 16 epochs, processing 16 samples per
batch, with 10% of the data used as a validation set. To monitor the model’s performance on the
validation set, the learning rate is set to 0.001, which is the default learning rate for the Adam optimizer.

6.1. Evaluation criteria

The proposed model uses precision and recall [24,25] as metrics to evaluate the results of gender
classification for positive (correct gender) and negative (incorrect gender) samples, respectively.
Accuracy is also used as a fundamental metric, representing the proportion of correct predictions
among all predictions. True positives (TPs) refer to correctly predicted positive instances, true
negatives (TNs) represent correctly predicted negative instances, false positives (FPs) refer to
incorrectly predicted positive instances, and false negatives (FNs) refer to incorrectly predicted
negative instances.

Precision measures the proportion of true positive predictions out of all instances predicted as
positive. It is calculated as follows:

TP
Precision = ———— 6.1)
TP+ FP

Recall measures the proportion of true positive predictions out of all the actual positive instances,

and is calculated as follows:

TP
Recall = ——— (6.2)
TP+ FN

Accuracy measures the proportion of correct predictions (both true positives and true negatives) out
of all predictions, and is calculated as follows:

Accuracy = TP+ TN (6.3)
Y= TP+TN+FP+FN '

F1 score is the harmonic mean of precision and recall, providing a balanced measure when there is
an uneven class distribution. It is calculated as follows:
2 X (Precision X Recall)

F1 Score = — (6.4)
Precision + Recall

6.2. Effect of the epoch parameter on model results

In machine learning and deep learning, an epoch refers to one complete pass of the entire training
dataset through the model. During each epoch, the model learns from the training data by performing
both forward and backward passes, adjusting its parameters to minimize the loss function. With each
epoch, the model gradually identifies patterns in the data, improving its ability to make predictions on
new, unseen data. However, using too many epochs can lead to overfitting, where the model
memorizes the training data and performs poorly on new data. Conversely, too few epochs may result
in underfitting, where the model fails to learn enough from the data. The accuracy over the epochs is
shown in Figure 8.
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Training and Test Accuracy over Epochs
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Figure 8. Comparison of training results under different epochs.

As shown in Figure 8, the training set accuracy steadily improves with each epoch, while the test
set accuracy initially increases and then begins to decline. The peak test set accuracy occurs at the 7th
epoch, after which it starts to decrease, potentially indicating overfitting.

6.3. Comparison of training results of the CNN, RNN, LR, transformer, and our model

The performance of the model was validated using the 5-fold cross-validation method. This
technique divides the training dataset into five equal parts, with four parts used for training and one
part reserved for testing. The final evaluation metric is the average of the accuracies from the five
folds. Accuracy (acc), precision, recall, and F1-score were used to assess the model’s performance.

To verify the effectiveness and performance advantages of the proposed method, the dataset used
in this paper was applied. The methods compared include the CNN, RNN, LR, and the transformer
model [26] for classification prediction. A comparative experiment with a 50% crossover test was
conducted, and the experimental results are presented in Table 6.

Table 6. Comparison of classification results based on different methods.

Model ACC P R F1

Ours 0.948 0.932 0911 0.921
CNN 0.887 0.858 0.803 0.826
RNN 0.930 0.908 0.877 0.892
LR 0.818 0.792 0.607 0.687
Transformer 0.878 0.886 0.879 0.880
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The results presented in Table 6 clearly demonstrate the superior performance of the proposed
method compared to other individual models across four key indicators: accuracy, precision, recall,
and F1 score. Specifically, its accuracy exceeds that of the CNN model by 6.1%, the RNN model by
1.8%, the LR model by 13.0%, and the transformer model by 7.0%. These results strongly suggest that
the proposed method excels in gender prediction tasks.

Among the models evaluated, the LR model exhibits relatively weak performance, with an accuracy
of 0.818, precision of 0.792, recall of 0.607, and an F1 score of 0.687. The low values across these
indicators indicate that the LR model struggles with classification, particularly in identifying positive
samples, which leads to a low recall rate and consequently impacts its precision.

The transformer model demonstrates moderate performance, achieving an accuracy of 0.878,
precision of 0.886, recall of 0.879, and an F1 score of 0.880. While the transformer model performs
well in terms of precision, it still falls short of the proposed method in terms of both
accuracy and recall.

Our fusion model, which combines the strengths of the CNN and BiLSTM, effectively extracts
features and addresses challenges such as gradient explosion and vanishing gradients. More
importantly, it excels at capturing long-range dependencies, allowing it to outperform other individual
models in all key indicators, making it particularly well-suited for complex gender prediction tasks.

6.4. Statistical significance testing in performance between models

Statistical significance testing is an important part of model evaluation. In the comparison between
the CNN model and Our Model, the RNN model and Our Model, the logistic regression model and Our
Model, and the transformer model and Our Model, the t-test was performed to assess the differences in
the false positive rate (FPR) and true positive rate (TPR). The results of the statistical tests are shown
in Table 7.

Table 7. Statistical test results of FPR and TPR differences between Our Model and Other
Models.

Comparsion model t-value of FPR  p-value of FPR  t-value of TPR  p-value of TPR
CNN model vs. Our model -8.562 2.1x1071 -9.377 2.503 x 10713
RNN model vs. Our model -3.698 3.57x 107 -3.698 3.5684 x 1074
LR model vs. Our model 25.973 5.415x 1074 25.974 6.415 % 1074
Transformer model vs. Our model ~ —7.582 2.84 x 107 -7.583 4.7384 x 107

6.5. Key considerations for model deployment

The experimental results of the model showcase several key performance metrics that are crucial
for evaluating its suitability for practical applications. The average training time is 25.65 seconds,
reflecting the time spent by the model during the training phase. Training time is influenced by factors
such as model architecture complexity, the size of the training dataset, and the computing resources
available. A shorter training time allows for faster model iterations during development, thereby
enhancing R&D efficiency.

The average inference time is 0.46 seconds, representing the time required for the model to make
predictions on new input data. In application scenarios with high real-time requirements, such as
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real-time monitoring systems or online recommendation engines, a fast inference time ensures timely
responses and provides real-time services to users. The model’s average inference speed is 43,778.26
inferences per second, further emphasizing its ability to efficiently process new data and perform a
large volume of inference tasks per unit of time.

Furthermore, the average training memory usage is 4.92 MB, while the average inference memory
usage is 0.69 MB. Memory consumption is a key consideration when deploying the model. The
model’s low memory requirements enable it to run on devices with limited resources, such as edge
computing devices or servers with constrained memory, thereby expanding its application scope and
reducing deployment costs and complexity.

6.6. ROC curve

The ROC curve is created by plotting the TPR on the y-axis and the FPR on the x-axis across
various classification thresholds. This curve provides insight into the trade-oft between sensitivity and
specificity at different threshold values. A model with a curve closer to the top-left corner indicates
better performance, while a random classifier would produce a diagonal line from (0, 0) to (1, 1). The
area under the ROC curve (AUC) represents the overall performance of the classifier, with a value
closer to 1 indicating superior performance. Figure 9 displays the ROC curves for various methods
applied to the test set.

Receiver Operating Characteristic

1.0 A1
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Figure 9. ROC curves of different methods on the test set.

As shown in the figure, the proposed model outperforms the individual machine learning models,
achieving the largest area under the ROC curve, with an AUC value of 0.98. This indicates that the
model’s classification performance is highly significant.
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6.7. Ablation study

To assess the contribution of the individual CNN, BiLSTM, and attention mechanisms to the final
prediction accuracy of the model, an ablation experiment is conducted. The results showing the
contribution of each mechanism to the model’s prediction accuracy are presented in Table 8 below.

Table 8. Ablation study.

Model ACC P R F1

Our Model 0.948 0.932 0.911 0.921
onlyCNN 0.942 0.916 0.910 0.913
onlyBiLSTM 0.923 0.883 0.887 0.884
onlyAttention 0.813 0.739 0.681 0.708

Based on the data above, the contribution rates of the individual models—onlyCNN,
onlyBiLSTM, and onlyAttention—can be calculated. Assume that the accuracy (ACC) of Our Model,
which combines these three models, is 0.95. To calculate the contribution rate of each model
(onlyCNN, onlyBiLSTM, and onlyAttention) to Our Model, we use the following method: the
contribution rate is determined as the proportion of the ACC of each individual model relative to the
performance of Our Model. The calculation formula is as follows:

Per formance metrics for individual models

Contribution rate =

x 100% (6.5)

Sum of all model per formance indicators

Based on the results of the ablation study, the contribution rates of onlyCNN, onlyBiLSTM, and
onlyAttention to the hybrid model Our Model are 35.1%, 34.4%, and 30.5%, respectively. Among
these, the CNN model has the highest contribution rate, followed by BiLSTM, while the attention
mechanism has the lowest contribution rate. This suggests that the CNN and BiLSTM play more
significant roles in the hybrid model than attention.

7. The idea of model deployment to a real-world recommendation system

Deploying the CNN-BiLSTM-attention model (Our Model) in real-world recommendation systems
involves several key steps.

(1) Model optimization and packaging: Since the trained model may be large in size, techniques
such as quantization and pruning are necessary to reduce the number of parameters and computational
complexity, thus minimizing the model’s size. The optimized model is then packaged into a format
suitable for the target deployment environment, such as the SavedModel format supported by
TensorFlow Serving, which facilitates subsequent loading and invocation.

(2) Selection of the deployment architecture: If the recommendation system needs to handle
high-concurrency requests, distributed deployment can be adopted. A load balancer is used to evenly
distribute user requests across multiple servers running the model, improving the system’s overall
response speed. In scenarios with extremely high real-time requirements, such as online advertising
recommendations, the model can be deployed at edge nodes close to the data source to reduce data
transmission latency.
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(3) Model integration and monitoring: Integrate Our Model into the overall architecture of the
recommendation system, ensuring it works in coordination with data processing modules, user
profiling modules, and others. Meanwhile, establish a comprehensive monitoring system to track
indicators such as the model’s inference time, accuracy, and memory usage in real-time. If model
performance deteriorates or anomalies occur, timely adjustments or retraining can be made to ensure
the stable and efficient operation of the recommendation system.

8. Conclusions and future work

With the rapid advancement of deep learning technology, gender prediction has shifted from
traditional manual feature extraction methods to automatic models driven by deep learning. Gender
prediction is now widely applied across various domains, including computer vision, natural language
processing, social behavior analysis, and virtual assistants. To enhance the accuracy and robustness of
gender prediction, this paper proposes a hybrid deep learning architecture that combines three parallel
CNNss, three serial BILSTMs, and an attention mechanism. The core design of the system leverages
CNNss for extracting local features, BILSTMs to model contextual relationships in sequential data,
and the attention mechanism to assign higher weights to important features. Finally, gender
classification is performed by concatenating the outputs of these two feature types.

Future research could explore the following directions for improvement:

(1) Improving computational efficiency: The model can be compressed through pruning and
quantization, reducing both its size and inference time, thereby enhancing computational efficiency.

(2) Incorporating multimodal data: The model could be further optimized by integrating multimodal
data, such as images, text, and speech, to improve its robustness and prediction accuracy.

(3) Leveraging self-supervised learning: In situations where data annotation is challenging, self-
supervised learning techniques can be explored to reduce reliance on annotated data and enhance the
model’s ability to generalize.

(4) Visualizing attention weights: Attention weights can be visualized using techniques like
heatmaps or attention maps, providing insights into which parts of the input the model focuses on
during processing.

(5) Applying explainable AI (XAI): Future work could investigate the use of XAl techniques to
analyze the reasoning behind the model’s specific predictions.

(6) Comparing with lightweight models: The performance of the current model can be compared
with that of lightweight models designed for mobile or edge computing, assessing efficiency and
scalability.

(7) Expanding the dataset: In future studies, the dataset could be expanded to include additional
factors such as age, geographic location, and device type. This would enable a more comprehensive
analysis and evaluation, offering a deeper understanding of potential biases and improving the model’s
ability to generalize across diverse populations.
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