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Abstract
Accurate prognosis of cervical cancer in the clinical setting is challenging because of
the complexity of the causative factors. Considering the drawbacks of the widely used
Cox proportional hazards model, such as the inability to fully use the information and
the possible failure to achieve the best fit, several new attempts based on machine
learning have been developed to find better prognostic prediction models. However,
the application of these attempts is often limited, because they often rely on public
databases. Therefore, for cervical cancer, there is a need to explore the value of machine
learning in terms of its practical application in prognostic prediction. In this study,
we introduced several machine learning methods including k-nearest neighbors (KNN),
decision tree (DT), logistic regression (LR), support vector machine (SVM), random
forest (RF), extreme gradient boosting (XGBoost) and light gradient boosting machine
(LightGBM) to predict the survival of patients by using the real-world pathological data
of 216 patients collected from the Fifth People’s Hospital of Chengdu. The experimental
results showed that these methods have a promising application value in the prediction of
overall survival (OS) of patients with cervical cancer (KNN: F1-score = 0.95, Accuracy
= 0.93, DT: F1-score = 0.94, Accuracy = 0.92, LR: F1-score = 0.92, Accuracy =
0.90, SVM: F1-score = 0.94, Accuracy = 0.92, RF: F1-score = 0.96, Accuracy = 0.95,
XGBoost: F1-score = 0.96, Accuracy = 0.95, LightGBM: F1-score = 0.96, Accuracy =
0.95). Moreover, XGBoost and LightGBM gave the importance of the clinical indicators
associated with cervical cancer, whose correlation with OS and progression-free survival
(PFS) can be further obtained. Thus, the predictors of OS and PFS were successfully
identified. Finally, the results were confirmed by the Cox proportional hazards model.
These results indicated that machine learning methods can accurately predict the OS
of patients with cervical cancer. Moreover, the methods can be used to analyze the
correlation between clinical indicators andOS or PFS to help doctorsmakemore accurate
decisions in a clinical setting.
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1. Introduction

Cervical cancer is one of the four most common gynecological
cancers diagnosed globally and a significant threat to women’s
health [1]. Although cervical cancer can be effectively pre-
vented by vaccination against human papillomavirus (HPV)
[2], its incidence is still high in developing countries [3].
On the other hand, difficulties in organizing cervical cancer
screening have led to low screening rates in developed regions
[4]. The prognosis of cervical cancer is crucial for follow-
up treatment. Currently, the clinical treatment for cervical
cancer is mainly based on its stage and this approach has some
limitations and is debatable. For example, whether patients in
the ⅠB1 stage need to continue treatment after surgery needs to
be determined on the basis of postoperative high-risk factors.

Although several indicators such as miR-216b level [5] and
overexpression of microRNA-944 [6] have been reported to
have a prognostic value for cervical cancer, detecting these
indicators in body fluids is generally difficult and expensive.
Therefore, we urgently need effective, cheap, and convenient-
to-detect indicators for the accurate prognosis of patients with
cervical cancer.

At present, the Cox proportional hazards model is widely
used for predicting prognosis. The Cox model relies on the
proportional risk assumption, but this assumption is usually
violated in practice, leading to a possible underestimation or
overestimation of the average relative risk [7]. In addition,
because of its inherent linear assumption, it cannot reflect
the nonlinear analysis of realistic clinical characteristics [8],
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and thus, has limitations such as the inability to fully utilize
the information and achieve the best fit. Therefore, finding
better solutions for the accurate prognosis of cervical can-
cer is essential. Nowadays, modern medical and computer
technologies are developing rapidly. Thanks to technological
breakthroughs, machine learning is being widely used and
has shown promise in dealing with various complex problems
as well as demonstrates the ability that is close to or even
surpasses human capabilities. Thus, there have been several
attempts to use machine learning for medical requirements.
For example, for a challenging problem such as whole slide im-
age (WSI) classification for lung cancer, Wang et al. [9] used
a patch-based fully convolutional network (FCN) to extract
depth features and then used random forest (RF) for effective
prediction. Liu et al. [10] proposed and validated a prognostic
model for breast cancer based on extreme gradient boosting
(XGBoost) and Cox proportional hazards model, which pro-
vides an essential means for clinical diagnosis and treatment
for improving patient survival. To address the new problem
of prostate cancer in China, Zhang et al. [11] built a deci-
sion tree (DT) based on prostate characteristics to help screen
patients with prostate cancer. The addition of deep learning
delivers impressive performance, Mansour designed a convo-
lution neural network (CNN) based breast cancer detection
model that outperforms other country-of-artwork techniques
[12]. The development of ensemble deep-learning-enabled
clinical decision support system for breast cancer diagnosis and
classification (EDLCDS-BCDC) [13] and social engineering
optimization with deep transfer learning-based breast cancer
detection and classification (SEODTL-BDC) [14] techniques
has also brought in significant help for biomedical image
processing. However, deep neural networks often imply ex-
pensive computational overhead, and it is a black box for
doctors whose interpretability remains a problem. On the
other hand, some commonly used machine learning methods
such as DT and support vector machine (SVM) have stronger
interpretability and they are still promising for providing help
with the decision-making process of doctors.
For cervical cancer prognosis prediction, the DT algorithm

was applied on a public dataset of the University of California
by Alam et al. [15]. Wu et al. [16] successfully used the SVM
algorithm for the diagnosis and classification of malignant
cervical cancer samples. Ijaz et al. [17] used RF as a classifier
to classify potential patients and differentiate between the
prognostic factors of cervical cancer after removing outliers
from the data set and balancing the number of cases. Deng et
al. [18] introduced three methods, SVM, XGBoost and RF, to
diagnose the “Cervical Cancer Behavior Risk Data Set” from
the “University of CaliforniaIrvine (UCI) Machine Learning
Repository” and reported that XGBoost and RF have a better
performance than SVM in their experiments. Moreover, Lu
et al. [19] integrated multiple machine learning algorithms,
including logistic regression (LR), DT, SVM, multilayer per-
ceptron (MLP), and k-nearest neighbors (KNN), and used a
voting strategy to predict the risk of cervical cancer.
Although some studies have attempted to usemachine learn-

ing for cervical cancer prognosis, these applications have been
mostly used on public databases. Satisfactory results on public
databases often do not mean that the model is competent. In

other words, effective methods are still a long way from their
application. On the other hand, real-world data sets from a
particular region are more complex and specific, and attempts
for accurate prognoses on the basis of such data sets can better
reflect the application potential of the method. To determine
the accuracy of machine learning in cervical cancer prognosis
in terms of real-world observations, this study collected the
clinical data of patients with cervical cancer from the Fifth
People’s Hospital of Chengdu and analyzed it using some
common machine learning methods including KNN, DT, LR,
SVM, RF, XGBoost and LightGBM to identify the prognostic
value of simple clinical indicators for this cancer. By analyzing
the correlation of these clinical indicators with patient overall
survival (OS) and progression-free survival (PFS), it can help
doctors make more accurate decisions.

2. Materials and Methods

2.1 Study population
In this study, we selected the clinicopathological data of 216
patients who were diagnosed with cervical cancer by cervical
biopsy or surgical pathology from 2005 to 2014 at the Fifth
People’s Hospital of Chengdu. All the patients with interna-
tional federation of gynecology and obstetrics (FIGO) stage Ⅰ-
Ⅲ cervical cancer were managed by radical hysterectomy and
pelvic lymphadenectomy. Para-aortic lymph node dissection
was performed in patients with suspicious para-aortic lymph
node metastasis. Postoperative radiotherapy with or without
concurrent platinum-based chemotherapy was treated depend-
ing on the postoperative pathology. The ethics committee of
the Fifth People’s Hospital of Chengdu approved the study
protocol. Before the start of the study, all patients had signed
an informed consent form. The features of the patients include
age, stage, pathological type, vascular tumor thrombus, lymph
node metastasis, interstitial invasion, tumor size, recurrence,
recurrence time, death and survival time. The recurrence time,
also called PFS, was calculated from the date of operation until
the date of the first tumor recurrence. The OS was defined as
the time from operation until death or the last follow-up.

2.2 Data preprocessing
In the original data set, there are a total of 216 patients’
pathology data, including 85 records with missing data. In
addition, the features of name, medical record number, and
pathology number in the feature set could improve the purity
of the training model, but the final trained model did not have a
certain generalization ability and could not effectively predict
when it faces new samples, and hence they were deleted.
Particularly, it is easier to add and subtract discrete features
than continuous features during algorithm training, which will
speed up the convergence of the model while reducing the risk
of model overfitting. Therefore, this study discretized some
features based on other related works [20, 21].

2.3 Missing data processing
To allow each algorithm to compete fairly on the same data set,
themissing data were classified into the following 3 categories:
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TABLE 1. The data set used for training and testing the models.
Feature name Description Value Mean/Distribution
Age Age at diagnosis Mean: 44.6 (29–66)
Stage FIGO staging system

Stage I 97
Stage II 68
Stage III 2

Pathological type Histological grading
High 33
Middle 107
Low 20
Other 7

Vascular tumor thrombus Vascular tumor thrombus or not
Yes 13
No 154

Lymph node metastasis Lymph node metastasis or not
Yes 27
No 140

Interstitial invasion Degree of tumor invasion
≤1/2 59
>1/2 108

Tumor size Tumor diameter
≤2 cm 63
(2, 4) cm 58
>4 cm 46

Recurrence Recurrence or not
Yes 60
No 107

Recurrence time Time of recurrence Mean: 46.1 (mon)
Survival time Overall survival Mean: 53.1 (mon)

5 yr or less 109
More than 5 yr 58

FIGO: international federation of gynecology and obstetrics.

missing completely at random (MCAR), missing at random
(MAR), and missing not at random (MNAR) [22, 23]. For
continuous MCAR or MAR missing data, the mean was filled,
and for discrete ones, the mode (the value which appears
most in a set of values) was filled. MNAR data such as the
tumor size were processed for deletion because it was uncertain
whether they were missing or 0. In addition, the records with
missing data in the target column were also eliminated. The
preprocessed data set used for training and testing the models
is presented in Table 1.

2.4 Machine learning methods and
baselines

In this study, we adopted several common and widely applied
machine learning methods, including KNN [24], DT [25, 26],

LR [27], SVM [25, 28], RF [29, 30], XGBoost [31, 32] and
LightGBM [33, 34], to predict the OS of patients, with the
aim of exploring the value of machine learning methods in the
prognosis of cervical cancer, so as to facilitate the diagnosis
and improve the accuracy and efficiency of prediction.
Different machine learning models have different hyperpa-

rameters. In order to compare the generalizability of different
models on the real cervical cancer data set, all hyperparameters
were set using default parameters or based on experience, as
deemed necessary, to ensure that they compete fairly on the
data. In this study, the patient’s continuous feature OSwas first
selected as the label to implement the regression prediction.
Second, OS was discretized into two categories, i.e., 5 years or
less and more than 5 years, to perform the binary classification
task regarding predicting patients’ 5-year survival and evaluate
the importance of features associated with OS. Finally, these
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models were again trained to explore the significant predictors
associated with the PFS. For the regression task, Lasso and
Ridge regression were selected as the baseline tests.
All experiments were implemented through the Python

programming language (Python Software Foundation, https:
//www.python.org/, version: 3.8.13), package LightGBM
(https://lightgbm.readthedocs.io/, version: 3.3.2),
package XGBoost (https://xgboost.readthedocs.io/,
version: 1.6.1), and package scikit-learn (https://scikit-
learn.org/stable/, version: 1.0.2).

2.5 Training methods
In order to mine as much useful information as possible from
the data and simultaneously to better evaluate the generaliza-
tion ability of the model, this study adopted the leave-one-
out method. Indeed, the cost of the leave-one-out method is
a greater computational burden. Although the computational
burden may be heavy, the leave-one-out method is a reliable
approach [35]. Considering the small sample size of the data
set in this study, the increased computational burden can be
tolerated; therefore, we utilized the leave-one-out method in
this study.

2.6 Statistical analysis
This study utilized the Cox proportional hazards model to
conduct a univariate survival analysis of each clinical indicator
that may affect the patient’s OS. The Cox proportional hazards
model is essentially a regression model that is commonly used
for statistical analysis of medical research for investigating
the association between the OS of patients and one or more
predictor variables [36–38]. SPSS (Version 26.0, IBM Corp.,
Armonk, NY, USA) statistical software was applied for data
analysis. All p values were bilaterally distributed, and p< 0.05
was considered to indicate a statistically significant difference
with a 95% confidence interval.

3. Results

3.1 Performance of different models
Based on the data set, the regression analysis was performed
using RF, XGBoost and LightGBM, and Lasso and Ridge
regression analyses were performed as baseline tests to predict
the OS of patients, considering that the OS of patients is a
continuous variable. The final results obtained are represented
as root mean square error (RMSE) and are presented in Table 2.

TABLE 2. Regression performance results of different
models.

Methods RMSE
Lasso 0.76
Ridge 0.73
RF 0.90
XGBoost 1.02
LightGBM 0.78
RF: random forest; XGBoost: extreme gradient
boosting; LightGBM: light gradient boosting machine;
RMSE: root mean square error.

For the binary classification problem, patients were divided
into two categories on the basis of their survival time (Table 1).
Seven machine learning models, which are KNN, DT, LR,
SVM, RF, XGBoost and LightGBM, were trained to diagnose
the 5-year survival of these patients. The confusion matrix was
used to calculate evaluation metrics such as precision, recall,
specificity, F1-score and accuracy. Table 3 summarizes the
performance evaluation results of the seven models. Each
row of the table represents the performance of each model
on different evaluation metrics. In addition, Table 4 gives
the confusion matrix obtained for each model using which the
receiver operating characteristic (ROC) curve of the models
was determined (Fig. 1).

FIGURE 1. The ROC curve of the models. ROC: receiver
operating characteristic; LightGBM: light gradient boosting
machine; XGBoost: extreme gradient boosting; RF: random
forest; SVM: support vector machine; LR: logistic regression;
DT: decision tree; KNN: k-nearest neighbors.

Table 3 shows the classification performance of the seven
models. In general, all the seven machine learning models
showed good performance, with LightGBM scoring the high-
est (KNN: Accuracy = 0.93, DT: Accuracy = 0.92, LR: Ac-
curacy = 0.90, SVM: Accuracy = 0.92, RF: Accuracy = 0.95,
XGBoost: Accuracy = 0.95, LightGBM: Accuracy = 0.95). As
summarized in Table 4, KNN, RF, XGBoost and LightGBM
were highly accurate in predicting positive samples, whereas
DT, LR, and SVM were relatively weak. On the other hand,
when the samples were negative, all models had similar correct
and error rates.

3.2 Feature importance

XGBoost and LightGBM were not only able to prognosticate
the OS of patients with cervical cancer, but their power also

https://www.python.org/
https://www.python.org/
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https://xgboost.readthedocs.io/
https://scikit-learn.org/stable/
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TABLE 3. Performance evaluation results of different models.
Methods Precision Recall Specificity F1-score Accuracy
KNN 0.97 0.93 0.94 0.95 0.93
DT 0.93 0.95 0.87 0.94 0.92
LR 0.94 0.91 0.87 0.92 0.90
SVM 0.95 0.93 0.91 0.94 0.92
RF 1.00 0.92 1.00 0.96 0.95
XGBoost 0.98 0.94 0.96 0.96 0.95
LightGBM 1.00 0.94 1.00 0.96 0.95
KNN: k-nearest neighbors; DT: decision tree; LR: logistic regression; SVM: support vector machine; RF: random
forest; XGBoost: extreme gradient boosting; LightGBM: light gradient boosting machine.

FIGURE 2. Feature importance with OS. Left: Feature importance from XGBoost. Right: Feature importance from
LightGBM. XGBoost: extreme gradient boosting; LightGBM: light gradient boosting machine.

TABLE 4. Confusion matrix of different models.
Methods TP FN FP TN
KNN 106 8 3 50
DT 101 5 8 53
LR 102 10 7 48
SVM 104 8 5 50
RF 109 9 0 49
XGBoost 107 7 2 51
LightGBM 109 8 0 50
KNN: k-nearest neighbors; DT: decision tree; LR:
logistic regression; SVM: support vector machine; RF:
random forest; XGBoost: extreme gradient boosting;
LightGBM: light gradient boosting machine; TP: true
positive; FN: false negative; FP: false positive; TN: true
negative.

lies in the mechanism by which they can count the correlation
of each feature with the label. To determine the clinical
indicators with a greater effect on the OS and PFS of these
patients, feature importance was calculated using XGBoost
and LightGBM, and the ranking of feature importance is given
in Fig. 2 and Fig. 3.

3.3 Survival analysis
In order to verify the correctness of the machine learning
outcomes, we conducted the Cox model of OS and PFS so
as to validate the results from a statistical perspective. The
survival curves are shown in Fig. 4 and Fig. 5, and the detailed
results are listed in Table 5 and Table 6. In Fig. 4, the
survival curve suggests that the OS of patients with recurrence
(Fig. 4a), interstitial infiltration (Fig. 4b), lymph node metasta-
sis (Fig. 4c), and age (>50, Fig. 4d) is significantly shorter than
that of negative patients. With the later stage (Fig. 4e) and the
larger the tumor size (Fig. 4f), the patient’s OS can gradually
decrease. Although vascular tumor thrombus (Fig. 4g) and
pathological type (Fig. 4h) also affect the OS of patients, they
have little effect and are not statistically significant (p> 0.05).
Univariate survival analysis of OS implies that recurrence
(Hazard ratios (HR) 276.429, 95% confidence interval (CI)
20.692–3692.888, p< 0.0001), interstitial invasion (HR 5.675,
95% CI 2.378–13.545, p < 0.0001), stage (HR 3.674, 95% CI
2.789–4.484, p < 0.0001), lymph node metastasis (HR 2.592,
95%CI 1.297–5.178, p< 0.01), tumor size (HR 3.245, 95%CI
1.595–4.315, p< 0.0001), and age (HR 2.623, 95% CI 1.595–
4.315, p < 0.001) were significantly associated with OS. For
PFS in Table 6, interstitial invasion (HR 4.742, 95% CI 2.394–
9.394, p < 0.0001), stage (HR 2.874, 95% CI 2.172–3.803, p
< 0.0001), tumor size (HR 2.343, 95% CI 1.599–3.433, p <

0.0001) and, age (HR 2.236, 95% CI 1.435–3.484, p < 0.001)
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TABLE 5. The results of Cox model of OS.

Feature name b SE Wald χ p HR HR (95% CI)

Recurrence 5.66 1.32 18.07 *** 276.43 20.69–3692.89

Interstitial invasion 1.74 0.44 15.30 *** 5.68 2.38–13.55

Stage 1.30 0.14 85.63 *** 3.67 2.79–4.48

Lymph node metastasis 0.95 0.35 7.28 * 2.59 1.30–5.18

Tumor size 1.18 0.25 22.15 *** 3.25 1.99–5.30

Age 0.96 0.25 14.43 ** 2.62 1.60–4.32

Vascular tumor thrombus −0.72 0.73 0.01 0.92 0.93 0.23–3.86

Pathological type 0.30 0.21 1.97 0.16 1.35 0.89–2.04

b: Regression coefficient of the model; SE: Standard error; Wald χ: Wald statistics; p: Level of significance: *p <

0.01. **p< 0.001. ***p< 0.0001. The value of p< 0.05 is considered statistically significant; HR: Hazard ratios;
HR (95% CI): 95% confidence interval (CI) for HR.

TABLE 6. The results of Cox model of PFS.

Feature name b SE Wald χ p HR HR (95% CI)

Interstitial invasion 1.56 0.35 19.91 *** 4.74 2.39–9.39

Stage 1.06 0.14 54.53 *** 2.87 2.17–3.80

Lymph node metastasis 0.60 0.31 3.85 0.05 1.83 1.00–3.33

Tumor size 0.85 0.20 19.10 *** 2.34 1.60–3.43

Age 0.81 0.23 12.64 ** 2.24 1.44–3.48

Vascular tumor thrombus 0.05 0.52 0.01 0.92 1.05 0.38–2.91

Pathological type 0.29 0.19 2.22 0.14 1.33 0.91–1.95

b: Regression coefficient of the model; SE: Standard error; Wald χ: Wald statistics; p: Level of significance: *p <

0.01. **p< 0.001. ***p< 0.0001. The value of p< 0.05 is considered statistically significant; HR: Hazard ratios;
HR (95% CI): 95% confidence interval (CI) for HR.

FIGURE 3. Feature importance with PFS. Left: Feature importance from XGBoost. Right: Feature importance from
LightGBM. XGBoost: extreme gradient boosting; LightGBM: light gradient boosting machine.
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were significantly associated with it.

4. Discussion

Cervical cancer is the fourth most common malignancy world-
wide and the second leading cause of cancer death in women
aged 20 to 39 years [1]. For detecting of cervical cancer
lesions, screening strategies consist of cytological methods,
colposcopy, and many other methods. However, most of these
screening methods are highly dependent on the physician’s
expertise and subjective experience is involved in the decision-
making process. In developing countries, healthcare resources
are extremely limited and patients often have difficulty adher-
ing to routine screening because of the low level of awareness
of the problem. Therefore, predicting the risk of patients with
cervical cancer is important. Compared with clinical methods,
machine learning methods can classify these patients more
easily and accurately. When a set of risk factors for cervical
cancer is known, such as interstitial invasion and recurrence
time, machine learning methods can train classifiers on the
basis of these risk factors and predict outcomeswhen new cases
with these risk factors are identified.
In this study, based on the real-world clinical data of patients

with cervical cancer, we applied several machine learning
methods to predict the OS of these patients. First, we per-
formed a regression task by using RF, XGBoost and Light-
GBM to determined the OS and compared it that determined
using classical statistical methods. As summarized in Table 2,
three machine learning models performed close to Lasso and
Ridge regression, whose average RMSE is about 0.9 (months).
However, in reality, patients and doctors are often not sen-

sitive to survival times that are precise to months or days,
regardless of whether the RMSE is 0.7 or 0.9 months. In
addition, various underlying factors affect patients, and the un-
avoidable errors in model predictions may not be what patients
and doctors need. Therefore, we discretized the OS of patients
and transformed it into a binary classification problem to obtain
results that are more acceptable to patients and physicians with
high accuracy.
Fig. 1 shows the ROC curve indicating the satisfying perfor-

mance of the machine learning methods for predicting the OS
in patients with cervical cancer. Thereafter, using XGBoost
and LightGBM, the correlation between each clinical indicator
and the survival of these patients was calculated. As shown
in Fig. 2, both models concluded that recurrence time, age,
interstitial invasion and tumor size significantly affect the OS
of patients with cervical cancer, which is consistent with the
clinical experience of the doctors.
The statistical analysis results using the Cox model suc-

cessfully confirmed the effectiveness and correctness of the
machine learning methods. Both XGBoost and LightGBM
identified that recurrence, age, interstitial invasion and tumor
size were critical for the OS of patients and that these clinical
indicators were statistically significant. Similarly, recurrence,
age, interstitial invasion and tumor size were also statistically
significant in the Cox model, which also reflected a strong
correlation with the machine learning models. On the other
hand, together with the results obtained from the machine
learning, the univariate survival analysis suggested that clinical

indicators of the patients including recurrence, age, interstitial
invasion, and tumor size are important prognostic factors for
determing OS.
Among these important clinical OS prognostic indicators,

recurrence had a direct relationship with OS. However, in
the clinical setting, this clinical indicator is often difficult to
measure and predict. If the predictors of recurrence can be
found, it will help clinicians to make accurate decisions and
then administer targeted treatment. As shown in Fig. 5 and
summarized in Table 6, the univariate survival analysis of PFS
suggested that, interstitial invasion, stage, tumor size, and age
were significantly associated with patient recurrence. More-
over, XGBoost and LightGBM highlighted the importance and
association of these clinical indicators with recurrence. As
shown in Fig. 3, patient age and tumor size were important
factors affecting recurrence, whereas other clinical indicators
showed some degree of correlation. This observation is con-
sistent with the results obtained using the Cox model, implying
that age and tumor size can be considered a reliable basis for
the decision-making process by clinicians.
In summary, the obtained results and validation indicate the

value of machine learning methods in the prognosis of cervi-
cal cancer. On one hand, the accuracy of machine learning
methods is close to that of classical statistical methods. On the
other hand, they are highly accurate and can identify prognostic
factors significantly associatedwith patient OS and PFS, which
can assist doctors in making accurate decisions. Moreover,
compared to other related studies based on public datasets
[15–18], in the present study, we attempted to apply machine
learningmethods to the real-world clinical data of patients with
cervical cancer. We believe that machine learning methods
could be more widely and effectively applied to the prognosis
of cervical cancer in the future.
Because this was a retrospective study, some limitations

and shortcomings are inevitable. The size of the data set and
the number of missing values often affect the performance
of the machine learning models. A larger training set with
fewer missing values can help in developing more accurate
and generalized models. Hence, including patient clinical
data from different hospitals and regions in the subsequent
study is essential. Importantly, machine learning models are
somewhat overwhelmed when faced with new extreme cases
and may give wrong predictions. Hence, regardless of a
model’s accuracy, its results cannot be a decisive factor in
a clinician’s decision. In addition, although there have been
initial attempts of applying machine learning in medicine,
including but not limited to medical decision making, medical
imaging, and medical information, the extension of the results
derived from this study to other practical clinical applications
is possible but still requires further rigorous exploration and
validation.
To summarize, we used several machine learning methods

to identify the prognostic factors associated with the OS and
PFS of patients with cervical cancer and verified the conclu-
sions using the Cox statistical analysis model. We found that
recurrence time, age, interstitial invasion, and tumor size are
crucial prognostic factors for cervical cancer, whereas age and
tumor size could be predictors of recurrence.
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FIGURE 4. Cox model of OS. (a) Recurrence. (b) Interstitial invasion. (c) Lymph node metastasis. (d) Age. (e) Stage.
(f) Tumor size. (g) Vascular tumor thrombus. (h) Pathological type. The prognostic value of the features is visually examined
through the model. OS: overall survival; CT: computed tomography.
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FIGURE 5. Cox model of PFS. (a) Interstitial invasion. (b) Lymph node metastasis. (c) Age. (d) Stage. (e) Tumor size. (f)
Vascular tumor thrombus. (g) Pathological type. PFS: progression-free survival; CT: computed tomography.
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5. Conclusion

In this study, several machine learning methods were success-
fully applied to identify the prognostic factors associated with
the OS and PFS of patients with cervical cancer. Compared
to other related studies that used public databases, this study
collected more complex and real-world pathological data from
the Fifth People’s Hospital in Chengdu. Experiments using
real-world pathological data demonstrated the immense poten-
tial of machine learning methods for cervical cancer prognosis
(KNN: Accuracy = 0.93, DT: Accuracy = 0.92, LR: Accu-
racy = 0.90, SVM: Accuracy = 0.92, RF: Accuracy = 0.95,
XGBoost: Accuracy = 0.95, LightGBM: Accuracy = 0.95),
indicating that these methods have an immense application
value in this field and could help doctors make more accurate
and faster decisions. In the future, performance optimization of
machine learning prognostic models and their generalizability
are of interest to our research.
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