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Abstract

Cervical cancer remains a major global health burden, and accurate risk pre-
diction is important for early clinical assessment. Conventional machine-learning
models may be limited by sparse records, heterogeneous clinical variables, and
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high-dimensional inputs. This study proposes a cervical cancer cross-domain
prediction system (CPS) that integrates multi-view feature extraction, auxiliary-
data augmentation, and cross-domain correlation learning. The framework
combines clinical characteristics with human papillomavirus testing, cytology,
colposcopy, and pathological outcomes while learning view-specific contributions
to the final prediction. Experiments on an anonymized single-center retrospective
cohort compare CPS with logistic regression, support vector machines, k-nearest
neighbors, random forests, and gradient-boosted decision trees. CPS achieved
the best overall performance among the evaluated models, with a mean squared
error of 0.051, an area under the receiver operating characteristic curve of 0.831,
an accuracy of 0.802, and a sensitivity of 0.769. Ablation and parameter analyses
further supported the contribution of the proposed components. These findings
indicate that cross-domain recommendation may provide a useful framework for
integrating heterogeneous clinical information. External multicenter validation is
required before clinical deployment.

Keywords: Cervical cancer, Cross-domain recommendation, Machine learning,
Multi-view learning, Risk prediction

1 Introduction

Cervical cancer (CC) is the fourth most common malignant tumor among women
worldwide, with 604,000 new cases and 342,000 deaths reported globally in 2020[19].
With the rise of disease prediction models, machine learning algorithms show great
potential in predicting disease occurrence, progression,and complications in recent
years[20][21]. Cross-domain recommendation is a recommendation system technology
that leverages information and knowledge from different domains or data spaces to
provide more accurate and comprehensive prediction results for users in the target
domain. This technology already sees mature applications in personalized shop-
ping recommendations and personalized recommendations for healthcare wearable
devices[8][15][24].

Although traditional machine learning performs well in many tasks, it also has
some notable limitations. Firstly, it heavily relies on feature design, as the quality
of features directly impacts model performance. Feature determination and design
require high-level domain knowledge and experience, which is time-consuming and
prone to errors. Secondly, traditional machine learning models struggle with high-
dimensional data, leading to increased computational complexity and reduced model
performance. Additionally, traditional machine learning faces data sparsity issues. In
cases of sparse data, traditional models find it difficult to learn effective patterns,
resulting in overfitting and poor generalization.

In traditional machine learning, to address these issues, we often need to involve
senior doctors or professors in the project design, which is constrained by their avail-
ability. Moreover, to improve model performance, we spend significant time reducing
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high-dimensional data to lower dimensions to aid model learning. To tackle data spar-
sity and missing data, we resort to imputation methods, which, while partially solving
the problem, introduce some degree of data distortion.

Statistical models are commonly used to analyze clinical outcomes and predict
cervical cancer outcomes. Traditional machine learning methods, such as Random
Forest, SVM, Decision Trees, Logistic Regression, and KNN, build prediction mod-
els by identifying relevant features and calculating their correlation with outcomes,
followed by scoring and comprehensive feature computation. These methods have
been applied in various cancer-related fields, including cancer-causing gene predic-
tion, disease risk prediction, and survival rate prediction at different stages of cancer
treatment[20][26][14][9].

However, these methods have their limitations. Decision Trees classify or regress by
recursively partitioning data into a tree structure, which is easy to interpret and can
handle non-linear data but is prone to overfitting and sensitive to data perturbations.
SVMs suffer from high computational complexity and inefficiency with large-scale
data, making them less suitable for multi-center, large-volume datasets. Random For-
est, while resistant to overfitting and suitable for high-dimensional data, has high
model complexity and long training times, which severely limit its use.

In this paper, we propose CPS, a cross-domain recommendation framework for cer-
vical cancer risk prediction. CPS integrates K-means clustering, multi-view learning,
supervised learning, and unsupervised learning to exploit complementary information
across heterogeneous clinical views.

Our main contributions are summarized as follows:

• We formulate cervical cancer risk prediction as a cross-domain recommendation
problem that integrates heterogeneous clinical views.

• We develop view-specific training and auxiliary-data augmentation strategies for
patients with sparse pathological records.

• We evaluate CPS on a real-world retrospective dataset and compare it with
commonly used machine-learning baselines.

2 Related Work

The following two areas of research are relevant to our work: multi-view clustering
and machine learning.Multi-view clustering is a method that uses data from dif-
ferent sources or feature representations for cluster analysis.Its goal is to uncover
the intrinsic structure of data by integrating information from multiple views,
thereby achieving more accurate clustering results. It can be divided into two main
categories:co-training-based methods and graph-based methods. Co-training-based
methods improve clustering effectiveness by co-training clustering models across
multiple views, leveraging the complementarity and consistency between views.

2.1 Multi-View Clustering

Multi-view clustering offers several advantages, including strong information comple-
mentarity, robustness, suitability for complex data structures, support for multi-modal
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information fusion, and improved interpretability of results. In our study, we chose to
use multi-view clustering to build our prediction model due to its strong multi-modal
information fusion capabilities[3].

2.2 Machine Learning

Traditional machine learning is divided into two main categories: supervised learn-
ing and unsupervised learning. Supervised learning trains models using labeled data.
The goal is to learn the mapping relationship between input features and output
labels to predict new input data. It has been widely applied in various medical
fields. Common techniques include Logistic Regression, Decision Trees,SVM, and Ran-
dom Forest[18][25][7][10].Unsupervised learning identifies patterns or structures from
unlabeled data. It also has many applications in medical and biological research,
with common techniques including K-Means Clustering, Hierarchical Clustering, and
Principal Component Analysis[11][1][5][6].

In cervical cancer, we primarily use supervised learning to build prediction
models[6][23][17], particularly in predicting the likelihood of progression from SIL
to cervical cancer and in prognosis, where some preliminary explorations have been
made[13][22].Some studies have also explored the prospects of machine learning-
based cervical cancer prediction models[12]. However, previous research has not
addressed the inherent limitations of traditional machine learning, such as insufficient
information sources and the inability to handle multi-domain information. There-
fore, developing a more accurate and targeted cervical cancer prediction model is
increasingly necessary.

3 Problem Formulation

We use anonymized medical records from 1003 patients, including HPV testing, TCT,
colposcopy, and general clinical characteristics. The study protocol was approved by
the Ethics Committee of Qilu Hospital of Shandong University, and the requirement
for informed consent was waived for this retrospective analysis of anonymized records.
All procedures were conducted in accordance with the Declaration of Helsinki.

We denote the source and target domains by Ds and Dt, respectively. Nine clini-
cal factors associated with cervical cancer risk constitute the source domain, whereas
pathological diagnosis constitutes the target domain. Let Uo denote overlapping
patients with observations in both domains. The cold-start set Ucs contains patients
without prior pathological records in Dt; their available information in Ds is used to
predict the corresponding pathological outcome. We divide Ucs into a validation sub-
set Ucs1 and a test subset Ucs2. Patients in Uo are used to train and validate the model,
whereas Ucs1 and Ucs2 are used to evaluate prediction under cold-start conditions.
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Fig. 1 Overview of the proposed CPS framework.

4 The CPS Framework

4.1 Overview of CPS

The overall CPS architecture is illustrated in Fig. 1. It comprises aspect extraction,
auxiliary-data augmentation, and cross-domain aspect-correlation learning. Aspect
extraction represents clinical characteristics and examination results from multi-
ple views. Auxiliary-data augmentation improves representations for patients with
sparse records by incorporating information from clinically similar patients. Cross-
domain aspect-correlation learning identifies the source-domain aspects that are most
informative for pathological outcomes in the target domain.

4.2 Aspect Extraction

Aspect extraction is a core component of the CPS framework, with the aim of extract-
ing multiple aspects from source-domain data for prediction in the target domain. This
process is achieved through four main steps: data preprocessing, feature representation,
aspect-specific feature extraction, and aspect aggregation.

4.2.1 Data Preprocessing

In this step, the raw data in the source domain is preprocessed to ensure data consis-
tency and quality. This includes handling missing data, normalizing numerical features,
and encoding categorical variables. Suppose we have a source-domain dataset Ds, and
after preprocessing, we get a refined dataset D′

s.
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4.2.2 Feature Representation

Each aspect (such as HPV status, TCT results) is represented as a feature vector.
For example, if we consider an aspect a with n possible states, we can represent it
as a vector ea ∈ Rn. For instance, whether there is an HPV16/18 infection can be
represented as a binary variable. Given a user - related document Du in the source
domain, where Du = [w1, w2, · · · , wl], we first project each word wj to its embedding
representation ej . So, Eu = [e1, e2, · · · , el], where ej ∈ Rd, l is the document length,
and d is the word - embedding dimension.

4.2.3 Aspect - Specific Feature Extraction and Aggregation

In this step, we first focus on extracting relevant features for each aspect. Contextual
features cj,u for the j - th word are obtained through a convolution operation on Eu

with specific convolution filters and a ReLU activation function, forming a feature
matrix Cu. Then, an aspect-specific gate mechanism is used to identify which features
are relevant to each aspect. For them - th aspect, aspect-specific features gm,j,u of word
wj are calculated using certain matrices and bias vectors, and element-wise product
operation with the sigmoid activation function. As a result, we get M aspect-specific
words’ contextual features Gu for further aspect extraction.

Next, we consider that reviews from different domains emphasize different aspects.
We design two matrices of global - sharing aspect representations for the source domain
Ds and target domain Dt to guide the aspect extraction. The representation am,u of
the m - th aspect is derived by aggregating the relevant features in Gm,u with weights
βm,j,u which indicate the importance of each word towards the m - th aspect. In this
way, we obtain the aspect matrix Au forDu and Ai for the item - related documentDi.
It should be noted that the parameters for aspect extraction for Du and Di are shared
in each learning flow, while a distinct set of parameters is used in each learning flow.
Also, the matrices Vs and Vt are shared in their corresponding domains respectively. By
extracting multiple aspects from the source-domain data, CPS can comprehensively
capture the multi - dimensional characteristics of cervical cancer risk factors and make
more accurate and interpretable predictions, with the combined aspects forming the
input for the cross-domain aspect correlation learning component.

4.2.4 Addressing Data Sparsity with Auxiliary Reviews in CPS

In the CPS framework, data sparsity poses a major challenge, particularly for cold-
start users with limited data in the source domain. To tackle this, CPS utilizes auxiliary
reviews. First, for a given user - item pair, an auxiliary review is defined as one from
another user who gave the same rating for that item. The auxiliary document for a
user is created by combining such reviews from the historical items the user purchased
within the same domain, focusing only on non - overlapping users to boost data
diversity.

The process of enhancing with auxiliary reviews involves several steps. Initially,
CPS identifies similar users for each cold-start user based on review - related profiles,
using metrics like Euclidean distance or cosine similarity. Then, the auxiliary reviews
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of these similar users are integrated into the cold-start user’s context. This integra-
tion includes text convolution on the auxiliary document to extract a feature matrix,
followed by applying the same Aspect Gate Control and Aspect Attention processes
to obtain an aspect matrix from the auxiliary document. Finally, a gate mechanism
is employed to effectively update the original aspect representation with the aspect
representation from the auxiliary document.

Overall, incorporating auxiliary reviews helps CPS alleviate data sparsity and
improve the representation quality of cold-start users. The enhanced user profile, com-
bining original and auxiliary review information, serves as input for the cross-domain
aspect correlation learning component, thereby significantly enhancing the model’s
predictive performance even with incomplete review data.

4.3 Cross - Domain Aspect Correlation Learning

The cross-domain aspect correlation learning component plays a crucial role in the
CPS framework. Its main task is to learn the correlations between aspects in the source
and target domains, which is essential for achieving accurate predictions, especially
for cold-start users.

4.3.1 Constructing the Correlation Matrix

CPS constructs a correlation matrix to capture the relationships between aspects in the
source and target domains. Recall that we have a set of global aspect representations
Vs and Vt which were previously used to guide the aspect extraction process. Here, we
utilize these static aspect representations to calculate the global cross-domain aspect
correlation matrix S as follows:

S = LeakyReLU(V ⊤
s WVt) (1)

where S(p, q) reflects the importance of preference transfer based on aspect p from
the source domain and aspect q from the target domain. S ∈ R

M×M , and W ∈ R
k×k

is a learnable matrix for affinity projection. The LeakyReLU activation function is
adopted, and by setting the corresponding α to be a very small value (e.g., 0.01), it
supports the sparse aspect correlation across domains.

4.3.2 Applying the Attention Mechanism

To focus on the most relevant aspects, CPS employs an attention mechanism. First,
we calculate the semantic matching between each aspect pair between the abstract
aspect features Au (for user u) and Ai (for item i) as follows:

Su,i = A⊤
uWAi (2)

Similar to the calculation of S, Su,i(p, q) reflects the matching degree between the
corresponding aspects, and the matrix W is shared for affinity projection.

We then use the correlation matrix S as the attention weights to aggregate the
pairwise aspect matchings. This is done to highlight the important aspect pairs at the
domain level for better prediction. The aggregated result Sr

u,i is calculated as:
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Sr
u,i = S ⊙ Su,i (3)

4.3.3 Making Predictions and Evaluation

Based on the weighted aspects, CPS makes predictions for cold-start users in the
target domain. The final rating prediction r̂u,i is calculated as:

r̂u,i =
1

M2

M
∑

p=1

M
∑

q=1

Sr
u,i(p, q) + bu + bi (4)

Here, bu and bi are the user bias and item bias respectively.
After making the predictions, we compare the predicted results with the actual

pathological diagnostic outcomes. This comparison helps us evaluate the performance
of the model. For example, in the context of cervical cancer prediction, since HPV16/18
is a significant factor in the development of cervical cancer, the attention mechanism
assigns it a higher weight. By learning the correlations between aspects in the source
and target domains, CPS can provide more accurate and interpretable predictions for
cold-start users.

4.4 Optimization Strategy Experimental Process

In the model training phase, we adopt an optimization strategy that leverages the
interactions of overlapping users in the source domain Ds and target domain Dt to
optimize model parameters.

Let Os and Ot be batches of observed user - item rating pairs in Ds and Dt

respectively, limited to the overlapping user set Uo. The loss functions Ls and Lt are
defined as:

L∗ =
1

|O∗|
∑

(u,i)∈O∗

(ru,i − r̂u,i)
2
+ λ ∥Θ∗∥ (∗ = s or t) (5)

where λ is the regularization coefficient to prevent overfitting, Θ∗ are the trainable
parameters, ru,i is the actual rating of user u for item i, r̂u,i is the predicted rating,
and |O∗| is the size of the rating pair set O∗.

We execute two alternating learning flows: predicting ru,i in the target domain
using Du from the source domain and Di from the target domain, and predicting ru,i
in the source domain usingDu from the target domain andDi from the source domain.

Each training batch consists of shuffled Os and Ot in a fixed proportion |Os|
|Ot|

= |Rs|
|Rt|

,

where |Rs| and |Rt| are the number of ratings given by Uo in Ds and Dt respectively.
We use the Adam optimizer to update the model parameters.
Regarding the context view, we first obtain the context representations. After

that, we calculate the aspect attention matrix Sattn based on the global aspect
representations vu and vi:

Sattn = LeakyReLU
(

Concat(au)
TWc Concat(ai)

)

(6)

where Wconvert is a conversion matrix.
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Next, we compute the context attention weights and generate context representa-
tions:

(

α
ctx
x , cx

)

= ContextAttn
(

Rctx
x ,vx

)

, x ∈ {u, i} (7)

To avoid overfitting, we add a regularization term for context attention to the loss
function:

θ ← Adam
(

θ,∇θ

[

Lratings + λ
(

⃦

⃦α
ctx
u

⃦

⃦

2

2
+
⃦

⃦α
ctx
i

⃦

⃦

2

2

)])

(8)

where Lratings is the rating prediction loss, α is the regularization rate, and θ

represents the model parameters.
Through this comprehensive optimization strategy and experimental process, we

iteratively adjust the model parameters during training. In subsequent evaluations,
we will compare the predicted results with actual ratings to verify the model’s
performance and the effectiveness of the optimization strategy.

4.5 Improved Framework in Experimental Section

In this subsection, we introduce the enhanced experimental framework that integrates
a diffusion model and a knowledge distillation model into the training process. The
proposed improvements aim to boost the performance and generalization ability of
the model.

4.5.1 Diffusion Model Integration

The diffusion model is incorporated to gradually denoise the input data, which helps
in capturing the underlying data distribution more effectively.the diffusion process
consists of a forward diffusion step and a reverse denoising step. In the forward diffusion
step, Gaussian noise is iteratively added to the original data x0 according to the
predefined schedule of β values. The formula for generating the noisy data xt at time
step t is given by:

xt =
√
αtx0 +

√
1− αtϵ, ϵ ∼ N (0, I) (9)

where αt is calculated based on the β values, and ϵ represents the random noise.
In the reverse denoising process, the model aims to recover the original data from

the noisy data xT step by step. The sampling formula for obtaining xt−1 from xt is:

xt−1 =
1√
αt

(xt −
βt√
1− ᾱt

ϵθ(xt, t)) + σtz (10)

where ϵθ(xt, t) is the noise predicted by the model, σt is the variance at time step
t, and z ∼ N (0, I). The diffusion loss in (11) measures the difference between the
predicted and actual noise.

Ldiffusion = Et,x0,ϵ

[

∥ϵ− ϵθ(xt, t)∥22
]

(11)
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4.5.2 Knowledge Distillation Model

Knowledge distillation is employed to transfer the knowledge from a pre-trained
teacher model to a student model. The teacher model, which is usually more complex
and has better performance, serves as a knowledge source. The student model, with a
simpler architecture, aims to mimic the behavior of the teacher model.

The distillation process uses hard-label and soft-label losses. The hard-label loss
Lhard is the mean squared error between the student prediction ŷs and the ground-
truth label y, as shown in (12).

Lhard =
1

N

N
∑

i=1

∥ŷs,i − yi∥22 (12)

The soft-label loss Lsoft is computed using the Kullback–Leibler divergence between
the temperature-scaled outputs of the student and teacher models, as shown in (13).

Lsoft =
1

N

N
∑

i=1

KLD

(

softmax

(

ŷs,i

T

)

, softmax

(

ŷt,i

T

))

(13)

The total distillation loss is a weighted combination of the hard-label and soft-label
losses, as shown in (14).

Ldistillation = (1− α)Lhard + αT 2Lsoft (14)

where α is the weight parameter that balances the contributions of the two losses.

4.5.3 Combined Training Process

During combined training, the input data are first processed by the diffusion model.
The resulting denoised features are then provided to the teacher and student models for
knowledge distillation. The diffusion and distillation losses jointly update the student
model, allowing it to learn from both the data distribution and the teacher predictions.

5 Experimental Study

5.1 Dataset Description and Preprocessing

We utilize anonymized clinical data from patients who underwent Cold Knife Coniza-
tion (CKC) procedures at Qilu Hospital of Shandong University between 2016 and
2023. All personally identifiable information is removed to ensure no privacy breach
risks. We systematically identify and independently categorize all clinically recognized
factors influencing cervical cancer development into 10 distinct feature sets (triplets).
These encompass both diagnostic test results (including HPV status, TCT findings,
and colposcopy reports) and general patient characteristics (such as age, gravidity,
and parity). Each feature is associated with pathological outcomes through auxiliary
annotations. The dataset is randomly partitioned into common users and cold-start
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users. The group of Common users has 502 cases with complete scoring data across
training, validation, and test sets. The group of Cold-start users has 501 cases further
divided into validation cold-start users (Ucs1): 200 cases (40% of cold-start cohort)And
the group of Test cold-start users (Ucs2) has 301 cases (60% of cold-start cohort)This
stratification enable comprehensive evaluation of model performance across different
user scenarios while maintaining rigorous data privacy standards. All data processing
complies with ethical guidelines for retrospective studies using anonymized medical
records.

5.2 Selection of Predictive Factors

Based on prior studies and established clinical guidance, we select age, gravidity, par-
ity, contraceptive method, HPV test results, TCT results, transformation-zone type,
and colposcopy findings as predictive factors. HPV16 and HPV18 are represented
separately because of their established association with cervical carcinogenesis [2].
High-grade squamous intraepithelial lesion is treated as a clinically important pre-
cancerous endpoint in accordance with risk-based management recommendations [16].
Colposcopy-related factors are defined according to relevant Chinese and international
consensus recommendations [4, 16].

5.3 Comparison With Commonly Used Clinical Prediction

Models

We further test our dataset using the mainstream machine learning predictive models
in the current medical field to determine whether the accuracy of our model’s predic-
tion has an advantage. We select Logistic Regression, Support Vector Machine (SVM),
and K-Nearest Neighbors (KNN) for prediction. Logistic regression has the advantages
of a simple model and easy interpretability. It directly provides the influence degree
(i.e., coefficients) of each feature on the prediction result, which helps to understand
which factors have a greater impact on the occurrence of cervical cancer. In addition,
logistic regression performs stably in handling binary classification problems and has
high computational efficiency. SVM has strong generalization ability and achieve good
results when dealing with small sample data. At the same time, by choosing different
kernel functions, SVM can handle various complex classification problems. In the pre-
diction of cervical cancer, the data has certain complexity and nonlinear relationships,
and SVM is expected to capture these relationships through appropriate kernel func-
tions to improve the prediction accuracy. The KNN algorithm is simple and intuitive
and easy to implement. It does not need to make assumptions about the distribution
of data and is applicable to various types of data. In the prediction of cervical cancer,
KNN classifies by considering the similarity between samples, and it performs well for
some data with local characteristics.

As shown in Table 1, CPS achieved the best performance across all six evaluation
metrics.
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Table 1 Comparison of the predictive performance of different models in cervical cancer prediction.

Model MSE↓ RMSE↓ MAE↓ AUC↑ Accuracy↑ Sensitivity↑

Logistic Regression 0.055 0.234 0.189 0.812 0.783 0.745

SVM 0.550 0.742 0.601 0.675 0.621 0.583

KNN 0.600 0.775 0.634 0.643 0.598 0.552

Random Forest 0.062 0.249 0.201 0.798 0.771 0.732

GBDT 0.058 0.241 0.195 0.805 0.779 0.738

CPS 0.051 0.226 0.178 0.831 0.802 0.769

Note: ↓ indicates that a lower value is better, whereas ↑ indicates that a higher value is better. Bold
values denote the best results, and underlined values denote the second-best results.

5.4 Split Testing

Split Testing is an experimental method that determines the optimal solution by
comparing the effects of different versions. The target population is randomly divided
into several groups, and different strategies are applied to each group, and the best
solution is selected through statistical comparison of the results. In order to test the
effectiveness of each part of our framework, we conduct split testing on the above
three models. The data of the experimental group and the validation group follow our
previous grouping situation to ensure that there are no significant differences in key
features between the two groups (p > 0.05). All features are standardized (Z-score),
and categorical variables are encoded using one-hot encoding. Taking the presence or
absence of HPV16/18 infection as an example, after we remove this factor, all three
models show a large bias, indicating the necessity of this factor for our model. We
conduct split testing on all factors for verification.

Table 2 Ablation experiment

experimental setup MSE

Remove all contextual views 0.053
Remove the contextual view of the item 0.052
Remove the user’s contextual view 0.054
CPS 0.051

5.5 Parameter Variation Experiment

The parameter variation experiment is an experimental method that observes the
impact on the output results by systematically adjusting specific parameters in the
model or system. It is important to determine key parameters: identify the parame-
ters that have the greatest impact on the system performance. It plays an important
role in determining key parameters; optimizing parameter combinations to find the
parameter values that optimize the objective function; and understanding parameter
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sensitivity to analyze the patterns of how the model behaves as the parameters change.
Colposcopy is an examination method that allows us to visually observe the lesions of
the cervix and vagina. The lesion areas can be indicated through the acetic acid test
and iodine test under colposcopy. We conduct parameter variation experiments on all
data, including whether the colposcopy result is HSIL or above. We assign weights
according to different variation ranges.

5.5.1 Effect of Parameter M

To evaluate the influence of the parameter M on the predictive performance, we
varied M from 2 to 10. The corresponding MSE values were recorded to determine
the optimal parameter setting.

2 4 6 8 10

5 · 10−2

5.5 · 10−2

6 · 10−2

6.5 · 10−2

0.062

0.055

0.051

0.053

0.057

Number M

M
o
d
el

M
S
E

Fig. 2 Effect of parameter M on model performance.

Figure 2 illustrates the effect of M on predictive performance. As M increases
from 2 to 10, the MSE first decreases and then increases. The minimum MSE of 0.051
occurs at M = 6, which is therefore used in subsequent experiments.

This trend indicates that an excessively small (M) results in an overly coarse
feature representation, which may fail to capture important transition patterns. In
contrast, an excessively large (M) produces an overly fine-grained representation and
may introduce redundant or noisy information, thereby weakening the generalization
ability of the model. At (M=6), the model achieves an effective balance between
feature granularity and generalization performance. Therefore, (M=6) is selected as
the optimal setting for the subsequent experiments.

5.5.2 Effect of Distillation Temperature T

The temperature parameter T controls the smoothness of the output probability
distribution produced by the teacher model during knowledge distillation. To inves-
tigate its influence on model performance, we varied T from 1 to 6 and recorded the
corresponding MSE values.
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Fig. 3 Effect of the distillation temperature T on model performance.

As shown in Figure 3, the MSE initially decreases as the distillation temperature
increases. Specifically, the MSE decreases from 0.058 at T = 1 to its minimum value
of 0.051 at T = 3. However, when T is further increased, the MSE gradually rises to
0.052, 0.054, and 0.056 at T = 4, T = 5, and T = 6, respectively.

A relatively low temperature produces an overly sharp probability distribution,
which limits the amount of soft knowledge transferred from the teacher model. In con-
trast, an excessively high temperature may over-smooth the output distribution and
weaken the discriminative information contained in the teacher predictions. Therefore,
T = 3 provides an appropriate balance between knowledge transfer and prediction
accuracy and is selected for the subsequent experiments.

6 Conclusion

This study presented CPS, a cross-domain recommendation framework for integrating
heterogeneous clinical information in cervical cancer risk prediction. On the evaluated
single-center retrospective cohort, CPS outperformed the selected machine-learning
baselines across the reported error and classification metrics. The ablation analysis
supported the contribution of the contextual views, while the parameter analyses iden-
tified suitable settings for the number of aspects and the distillation temperature.
These results support the feasibility of cross-domain learning for clinical risk pre-
diction; however, they do not establish clinical effectiveness. Prospective multicenter
validation, calibration analysis, assessment across clinically relevant subgroups, and
evaluation against current screening pathways are required before deployment.
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