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A B S T R A C T

Prostate cancer is a common malignant tumor in men and early diagnosis and treatment are crucial for the
survival rate of patients. This study aimed to establish a machine learning-based prostate cancer prediction model
to help physicians accurately identify high-risk patients. This study performed a retrospective analysis using
prostate cancer patient data from the MIMIC-IV database. First, the data was cleaned and preprocessed, including
imputing missing values, handling outliers, and feature selection. Then, prediction models were established using
machine learning algorithms (including logistic regression, support vector machine, deep neural networks,
XGBoost, LightGBM and CatBoost) and evaluated using cross-validation and ROC curve analysis. We screened out
1975 patients diagnosed with PC and 11,745 patients diagnosed with BPH based on ICD codes. However, among
the BPH patients, 467 were also diagnosed with PC, so we excluded these patients. The LightGBM machine
learning model outperformed the other models in distinguishing patients with PC [LightGBM vs. CatBoost vs.
XGBoost vs. DNN vs. SVM vs. LR; area under the curve (AUC): 0.93 vs. 0.91 vs. 0.89 vs. 0.86 vs. 0.70 vs. 0.68,
respectively]. The LightGBM model had a sensitivity of 86%, specificity of 85% at the best cut-off value. The
model was capable of predicting whether a patient has prostate cancer based on their clinical features (including
age, Laboratory test, etc.) and had a high level of accuracy and stability. The machine learning-based prostate
cancer prediction model established in this study has some clinical application value and can help physicians
accurately identify high-risk patients, providing more precise prevention and treatment plans for patients.
1. Introduction

Prostate cancer is one of the most common forms of cancer among
men, with an estimated 1 in 9 men being diagnosed with the disease
during their lifetime. Early detection and treatment of prostate cancer is
critical for improving patient outcomes and survival. However, current
methods for diagnosing prostate cancer can be limited in their accuracy
and may not always detect the disease in its early stages. The use of
machine learning algorithms in medical research has become increas-
ingly common in recent years, and these algorithms have shown promise
in improving the accuracy of disease diagnosis.1–3 The MIMIC-IV data-
base is a large and comprehensive database of electronic medical records,
and has been used in numerous studies to improve our understanding of
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various diseases.4,5 Previous studies have used machine learning algo-
rithms to develop prediction models for a variety of diseases, including
cancer. For example, a study conducted using the SEER6 database found
that a random forest algorithm was able to accurately predict breast
cancer diagnosis.7 Another study used neural networks to develop a
prediction model for lung cancer, and found that the model was able to
outperform traditional statistical methods.8 The aim of this study is to
build upon this body of research by developing a prediction model for
prostate cancer using retrospective analysis of the MIMIC-IV database
and machine learning algorithms. The model will be based on de-
mographic information, medical history, and laboratory test results, and
will aim to improve the accuracy of prostate cancer diagnosis. The results
of this study will contribute to the development of more effective and
(X. Jin).
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accurate methods for diagnosing prostate cancer, and may have impor-
tant implications for improving patient outcomes.

2. Materials and methods

2.1. Study design

The target patient population and patient-related data, including age,
family history, ethnicity, symptoms, and laboratory tests, were obtained
from two modules (MIMIC-Core, MIMIC-Hosp) of the MIMIC database.
First, we divided the original dataset into training and test sets through
stratified sampling in a 4:1 ratio. We excluded the feature variables with
a missing rate over 40% and used 5-fold cross-validation to train the LR,
SVM,9 XGBoost,10 LightGBM,11 CatBoost,12 and DNN13 models. We
found the best-performing model on the validation set. Then, we trained
the final model on the complete training set and provided the prediction
performance of the model on the test set.
2.2. Ethic approvals

In this study, we used patient data from the MIMIC-IV database,
which has been de-identified and ethically approved by the MIMIC-IV
database management team. We have obtained authorization to use the
database and have committed to not disclosing or misusing any data.
2.3. Diagnostic criteria

Positive group (PC group):Patients who were�18 years and diag-
nosed of PC. PC patients were screened by ICD-10 code and the time of
first diagnosis of PC was used as the index date. Negative group (BPH
group):Patients who were�18 years and diagnosed of BPH. BPH patients
were screened by ICD-10 code and the time of first diagnosis of BPH was
used as the index date. Exclusion criteria: (1)Patients with other primary
malignancies; (2)Patients with incomplete documentation of critical
data.
2.4. Sample size calculation

Typically, when building a binary clinical prediction model, the
10EPV (10 events per variable) rule14–16 must be followed, meaning that
there must be at least 10 samples for each dummy variable (the β term in
the regression equation). For a feature variable with three categories
(such as tumor stage I, II, and III), we need two dummy variables to
represent the feature variable. For non-linear continuous feature vari-
ables such as age and blood pressure, we need more dummy variables to
represent the feature variable. At the same time, when considering the
relationship between different feature variables, or using non-linear
clinical prediction models, more parameters are needed for modeling,
and therefore more samples. Considering that the 10EPV rule requires
separate calculation of sample size for different feature variables and
models, is there a more general sample size calculation criterion? Van
Smeden and Riley proposed a four-step method to calculate sample
size,17–20 where we calculate the minimum sample size required for
building a binary clinical prediction model in each step, and finally, take
the maximum of the minimum sample sizes calculated in these four steps
as the final minimum sample size. The first step is to calculate the min-
imum sample size required to accurately estimate the overall disease rate
in the target population. For a binary clinical prediction model, the 95%
confidence interval of the overall disease rate in the target population is
calculated.

φ̂� 1:96

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
φ̂� ð1� φ̂Þ

n

r
(1)

So the absolute value of the error margin is
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In order to obtain an accurate estimate of the overall incidence rate in the
target population, based on the percentage of positive samples in the
training set and the given margin of error, we calculated the minimum
sample size as

n ¼
�
1:96
δ

�2

φ̂ð1� φ̂Þ (3)

Under normal circumstances, we require that the error margin not exceed
0.05. Therefore, if the proportion of positive samples in the training set to
the total sample size is 0.5, the minimum sample size can be calculated as

n ¼
�
1:96
0:05

�2

0:5ð1� 0:5Þ ¼ 384:2 (4)

In general, when constructing a clinical prediction model for binary
classification, we require that the error tolerance not exceed 0.05.
Therefore, if the proportion of positive samples in the training set to the
total number of samples is 0.5, the minimum sample size can be calcu-
lated to be 385, with 193 positive samples. If the proportion of positive
samples in the training set is 0.1, the minimum sample size would be 139,
with 14 positive samples. If the proportion of positive samples in the
training set is 0.2, the minimum sample size would be 246, with 50
positive samples. Next, we calculate the minimum sample size required
to achieve a smaller average absolute error when the clinical prediction
model is applied to the target population. For a binary clinical prediction
model, when applied to the target population for prediction, the
approximate estimate of the average absolute error of the prediction
results is logarithmic.

lnðMAPEÞ ¼ �0:508� 0:544lnðnÞ þ 0:259lnðφÞ þ 0:504lnðPÞ (5)

where MAPE stands for mean absolute prediction error, n is the
sample size of the training sample, φ is the proportion of positive samples
in the training set to the total sample size, and P is the number of
candidate prediction parameters.

n ¼ exp
��0:508þ 0:259lnðφÞ þ 0:504lnðPÞ � lnðMAPEÞ

0:544

�
(6)

Under normal circumstances, we require the average absolute error
(MAPE) of the prediction result to be less than 0.05. When the proportion
of positive samples in the training set to the total sample size is 0.3 and
the number of candidate prediction parameters is 10, the minimum
sample size can be calculated as

n ¼ exp
��0:508þ 0:259lnð0:3Þ þ 0:504lnð10Þ � lnð0:05Þ

0:544

�
(7)

Calculations show that n ¼ 460.5, therefore, the minimum sample size
for the training sample is 461, where the positive sample size is 138. If
the average absolute error of the prediction result (MAPE) does not
exceed 0.04, the minimum sample size for the training sample is 495,
with a positive sample size of 209. Next, we calculate the minimum
sample size required to prevent overfitting of the clinical prediction
model. For a binary clinical prediction model, the minimum sample size
formula is

n ¼ P

ðS� 1Þln
�
1� R2CS

S

� (8)

where R2
CS is the Cox-Snell goodness of fit (value range from 0 to 1), P is

the number of candidate prediction parameters, and S is the expected
uniform contraction coefficient. In general, we require R2

CS not to be less
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than 0.1. When the number of candidate prediction parameters is 20, in
order to make the expected uniform contraction coefficient exceed 0.9,
the minimum sample size can be calculated as follows.

n ¼ 20

ð0:9� 1Þln
�
1� 0:1

0:9

� ¼ 1698 (9)

When the proportion of positive samples in the training set is 0.1, the
number of positive samples is 170. Finally, to calculate the sample size
required to minimize the ratio of model fitting to optimal model fitting,
for a binary clinical prediction model, we first calculate the expected
uniform shrinkage coefficient corresponding to the optimal model fitting
degree

S ¼ R2
CS

R2
CS þ δmaxðR2

CSÞ
(10)

When considering a logistic regression model with Cox-Snell fit of not
less than 0.2 and a positive sample ratio of 0.05 in the training set, the
maximum Cox-Snell fit of the model is 0.33. Generally, when the error
limit is required not to exceed 0.05, the expected uniform shrinkage
coefficient corresponding to the best model fit can be calculated.

S ¼ 0:2
0:2þ 0:05� 0:33

¼ 0:924 (11)

When the number of candidate prediction parameters is 20 and the Cox-
Snell fitting degree is not less than 0.2, the minimum sample size can be
calculated using formula (8)

n ¼ 20

ð0:924� 1Þln
�
1� 0:2

0:924

� ¼ 1078:9 (12)

Therefore, the minimum sample size for training samples is 1079.
2.5. Data collection and feature engineering

After conducting an extensive literature review, we selected 45 var-
iables that had strong evidence support and were easily accessible.21–30

The date of the first diagnosis of PC or BPH was used as the index day.
Obesity was recorded on the index day, while the other variables were
recorded within 30 days before and after the index day. We utilized the
Fig. 1. Flowchart f
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Isolation Forest algorithm to detect outliers. Similar to the Random
Forest, we randomly selected features and samples to generate multiple
decision trees. Based on information gain, the data set was divided, and
in this process, an outlier would only need to go through fewer divisions
to become an isolated leaf node, while a non-outlier would need to go
through more divisions. The number of divisions required for a sample to
become an isolated leaf node in multiple decision trees was used to
determine if a sample was an outlier. We also employed a Recursive
Feature Elimination (FRE) algorithm for feature selection.

2.6. Model Training

The training process of the model is as follows (Fig. 2). We used a 5-
fold cross-validation approach to train the model.

2.7. Model evaluation

We used the AUC value (with 95% confidence interval) as the primary
indicator to evaluate the performance of the model, and used sensitivity,
specificity, accuracy, F1 value, etc. as secondary indicators to evaluate
the model.

3. Results

3.1. Study population

In the MIMIC-IV database of 382,278 patients, we screened out 1975
patients diagnosed with PC and 11,745 patients diagnosed with BPH
based on ICD codes. However, among the BPH patients, 467 were also
diagnosed with PC, so we excluded these patients (Fig. 1).

3.2. Risk factor screening

We conducted a literature search and identified 45 potential risk
factors. We then collected retrospective data and analyzed the distribu-
tion of these risk factors among different groups. However, we found that
17 of these risk factors had a missing rate exceeding 40%. Therefore, we
removed these features from the analysis. The filling rate and P-values for
the remaining 28 features are presented in section 4.2 (see Table 1).

3.3. Performance of the models

The efficiency of the six different models is shown in Table 2, and the
or enrollment.



Fig. 2. Model Training process.

Table 1
Risk factors.

Variables Rate P-value

Basic information Age 100% <0.001
Family history 100% 0.233
Ethnicity 100% <0.001
Obesity 100% <0.001

Laboratory test HGB 85.65% 0.001
Platelet 87.32% <0.001

Symptoms Erectile dysfunction 100% 0.068
Pathologic fracture 100% <0.001
Urine retention 100% <0.001
Urine urgency 100% 0.057
Urine frequency 100% 0.085
Nocturia 100% 0.349
Urgent urinary incontinence 100% 0.084
Dysuria 100% 0.433
Dorsalis 100% 0.532
Testicular pain 100% 0.554
Hematuria 100% 0.911

Complications Disseminated intravascular coagulation 100% 0.751
Hypertension 100% 0.113
Paraplegia 100% 0.569
Myocardial infarct 100% <0.001
Congestive heart failure 100% <0.001
Chronic pulmonary disease 100% <0.001
Mild liver disease 100% <0.001
Severe liver disease 100% 0.057
Diabetes without cc 100% 0.299
Diabetes with cc 100% <0.001
Renal disease 100% <0.001

Table 2
Performance of models.

Method AUC Sensitivity Specificity F1-Score

LR 0.68 0.59 0.31 0.41
SVM 0.70 0.49 0.40 0.44
DNN 0.86 0.77 0.69 0.63
XGBoost 0.89 0.86 0.80 0.61
LightGBM 0.93 0.86 0.85 0.70
CatBoost 0.91 0.89 0.64 0.75
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model receiver operating characteristic (ROC) curves are shown in Fig. 3.
When we set the cut-off value to 0.15, LightGBM achieved the best per-
formance with a sensitivity of 86%, a specificity of 85% (section 4.2).
Additionally, the LightGBM model achieved the best prediction perfor-
mance among the machine learning models and traditional regression
model (Fig. 3) (see Fig. 4).
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4. Discussion

4.1. Risk factors related to PC

The most important risk factors in this predictive model included
Platelet, Age and Renal disease which are consistent with previous
studies. However, some risk factors mentioned in previous studies were
not included in our prediction model, such as the Diabetes without cc,
Diabetes with cc.

4.2. Comparision of DNN with GBDT

Although deep learning shines brilliantly in image recognition, voice
recognition and other fields, it often takes more time to optimize the
network architecture when processing tabular data, especially when we
apply it to small data sets, deep learning is easier to overfitting, so when
building clinical prediction models, we will give priority to the GBDT
model.

4.3. Limitations

This study has several limitations that should be considered when
interpreting the results. Firstly, the data used in this study was sourced
from the MIMIC-IV database, which may not provide a complete picture
of patients with prostate cancer. The database may not include patients
who were diagnosed or treated outside of the hospital system, which
could limit the generalizability of the results. Secondly, the retrospective
nature of the study may be subject to selection bias and confounding
variables. The study is unable to establish causation and can only provide
associations. Additionally, the study relied on electronic medical records,
which may have incomplete or inaccurate information. For example, the
database may not include all relevant patient information such as life-
style habits, family history, or other comorbidities. These factors could
potentially influence the risk of developing prostate cancer. Thirdly, the
machine learning model used in this study is not perfect and may have
limitations. While the model achieved high accuracy in our sample, it
may not perform as well in other datasets. It's important to validate the
accuracy of the model in independent datasets before it can be widely
applied. Lastly, the patient population and healthcare practices repre-
sented in the MIMIC-IV database may not be representative of the larger
population. This could limit the generalizability of the results to other
populations or healthcare systems. While the machine learning model
showed promising results in predicting the risk of prostate cancer, further
research is needed to validate the findings and assess the generalizability
of the model to other populations and healthcare systems.



Fig. 3. ROC curve.

Fig. 4. Ranking of Top 15 important features in predictive performance(LightGBM).
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