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Background
Colorectal cancer is the fourth most deadly cancer world-
wide [1]. Although therapies for colorectal cancer keep 
improving, the mortality rate remains high. Since can-
cer metastasis is the most important cause of death of 
patients with colorectal cancer [1–3], the metastasis sta-
tus is a very important indicator for the clinical treatment 
of colorectal cancer.

Surgery is the main clinical treatment used currently, 
but patients who undergo colorectal cancer resection 
still have a high probability of developing recurrence 
and metastasis [4]. Moreover, the postoperative recur-
rence and metastasis status will continue to affect the 
disease status and survival time after surgery. Currently, 
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Abstract
Background  Colorectal cancer is the fourth most deadly cancer, with a high mortality rate and a high probability 
of recurrence and metastasis. Since continuous examinations and disease monitoring for patients after surgery are 
currently difficult to perform, it is necessary for us to develop a predictive model for colorectal cancer metastasis and 
recurrence to improve the survival rate of patients.

Results  Previous studies mostly used only clinical or radiological data, which are not sufficient to explain the 
in-depth mechanism of colorectal cancer recurrence and metastasis. Therefore, this study proposes such a multiomics 
data-based predictive model for the recurrence and metastasis of colorectal cancer. LR, SVM, Naïve-bayes and 
ensemble learning models are used to build this predictive model.

Conclusions  The experimental results indicate that our proposed multiomics data-based ensemble learning model 
effectively predicts the recurrence and metastasis of colorectal cancer.
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continuous examinations and disease monitoring for 
patients after surgery are very difficult to conduct. Thus, 
if we can develop such a mathematical model that pre-
dicts postoperative metastasis in patients, we will be able 
to monitor high-risk patients and provide targeted inter-
ventions and precise medical treatments to significantly 
improve the survival rate of patients.

Previously, most colorectal cancer recurrence and 
metastasis studies manually select the key features [5–13] 
from a single omics dataset using various data mining 
methods, such as correlation coefficient test, chi-square 
test, t test or Mann-Whitney U test [8, 14–20], result-
ing in subjectivity and inconsistencies of the selected 
features. Because our multiomics datasets described in 
the data source section consist of not only clinical and 
somatic mutation data but also high-dimensional pro-
teomics (6400 dimensions) and phosphoproteomics 
(22,000 dimensions) data, our first research question is 
how to develop such a feature selection and high dimen-
sionality reduction algorithm that processes these high-
dimensional multiomics colorectal cancer datasets.

Previous studies usually employed radiological data 
[14–16], clinical data [5–7, 17] or gene expression data 
[8, 9] to investigate the recurrence and metastasis of 
colorectal cancer. However, the occurrence and develop-
ment of colorectal cancer recurrence and metastasis are 
so complicated [21] that the use of radiological, clinical 
or gene expression data alone is not sufficient to com-
prehensively and deeply explain the mechanism under-
lying the recurrence and metastasis of colorectal cancer. 
Recently, Chen Li et al. reported that the analysis of pro-
teomics and phosphoproteomics data from the primary 
tumour alone successfully identifies metastatic cases [22, 
23]. Since the collection of large amounts of multiomics 
data to optimize the weight of the classifiers of the model 
used to predict the recurrence and metastasis of colorec-
tal cancer is very expensive and time-consuming, our sec-
ond research question is how to employ a computational 
algorithm to perform data augmentation for colorectal 
cancer predictions.

Also, previous studies have usually employed a data 
mining algorithm [24–32], such as Cox [6, 8, 11, 12, 33, 
34], logistic regression [5, 14, 16, 17], decision tree [17, 
35–37] and random forest [15], to model the recurrence 
and metastasis of colorectal cancer. However, since the 
predictive accuracy for different omics data is sensitive to 
the data mining algorithm, the use of a single model does 
not take advantage of multiomics data to increase the 
predictive power. Therefore, our third research question 
is how to build such a predictive model that takes advan-
tage of multiomics data and results in a high predictive 
accuracy for the recurrence and metastasis of colorectal 
cancer.

To answer our research questions, this study pro-
poses the following three innovations to determine the 
recurrence and metastasis of colorectal cancer. First, we 
integrated multiple statistical tests to select the key fea-
tures from a multiomics dataset. Second, we employed 
data augmentation to increase the size of the dataset 
for model training. Third, we built an ensemble learning 
model [38, 39] to increase the predictive accuracy.

Next, based on the three innovations listed above, 
we propose our research plan as described below. First, 
we integrated Student’s t test, Mann-Whitney U test, 
ANOVA (Analysis of Variance), chi-square test, and 
Fisher’s exact test [40–46] to select the key features from 
clinical, somatic mutation, proteomics, and phospho-
proteomics datasets and then employed PCA (principal 
component analysis) [47, 48] to perform dimensional 
reduction. Second, we conducted data augmentation 
using the SMOTE algorithm to increase the dataset 
size for model training. Third, we integrated the logis-
tic regression (LR), support vector machine (SVM), and 
Naive-Bayes algorithms to build an ensemble learning 
predictive model for the recurrence and metastasis of 
colorectal cancer.

At last, we selected 3 key features from clinical data, 
3 key features from somatic mutations, 89 key features 
from proteomics and 15 key features from phosphopro-
teomics. Afterward, we performed dimensional reduc-
tion for proteomics and phosphoproteomics features to 
obtain two principal components. After data augmenta-
tion, the sample size increased from 144 to 288, which 
met the requirement of model training. Finally, we devel-
oped a novel multiomics databased ensemble learning 
model for the prediction of recurrence and metastasis 
of colorectal cancer that outperformed the classical LR, 
Naive-Bayes, and SVM models.

Methods
Data source
Our research data were obtained from our previous study 
[22], which were originally collected from 146 patients 
with colorectal cancer at Shanghai Hospital, China [22]. 
Our research data consisted of clinical (clinicopatho-
logic features and prognosis information), somatic muta-
tions (information on somatic single-nucleotide variants 
(SNVs) and small insertions-deletions (INDELs) iden-
tified by WES), proteomics (6,408 quantified protein 
expression data that were subjected to median normal-
ization by column and log2 transformation) and phos-
phoproteomics data (22,000 quantified phosphoprotein 
expression data that were subjected to median normal-
ization by column and log2 transformation). Among the 
146 patients, 70 experienced recurrence and metastasis 
after surgery and were labelled with one; 74 patients were 
free from recurrence and metastasis and were labelled 
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with zero; and 2 patients lacked the label. Thus, only 
samples from 144 patients were used in our study. The 
informed consent was obtained from all subjects. The 
experimental protocol was approved by Shanghai Chang-
hai Hospital Ethics Committee (CHEC2017-235, Shang-
hai, China) [22].

Workflow of the study
Figure  1 describes the workflow of the study. First, we 
selected the key features from all datasets and then 
employed PCA to perform dimensional reduction. Next, 
we conducted data augmentation to increase the sample 
size for model training. Finally, we integrated the LR, 
SVM, and Naive-Bayes algorithms to develop an ensem-
ble learning model for colorectal cancer recurrence and 
metastasis.

Details for feature selection
Fisher’s exact test
Construct a contingency table.

A-positive A-negative Total
B-positive a b a + b
B-negative c d c + d
total a + c b + d n

	 p = Ca
a+bCc

c+d

Ca+c
n

= (a+b)!(c+d)!(a+c)!(b+d)!
a!b!c!d!n! � (1)

Chi-square test

	 χ2 =
∑k

i=1
(xi−npi)2

npi
� (2)

Here, n is the number of observations, k is the number 
of different classes, xi is the observed value and pi is the 
probability of class i.

Student’s t test

	

t = X1 − X2

sp

√
1

n1
+ 1

n2

� (3.1)

	 sp =
√

(n1−1)s2
X1 +(n2−1)s2

X2
n1+n2−2 � (3.2)

Here, s2
X1  and s2

X2  are the variances of the two sets 
and n is the size of the set.

Mann-Whitney U test

	 U =
∑n

i=1
∑m

j=1 S (Xi, Yj) � (4.1)

	
S (Xi, Yj) =

{
1 Y < X
0.5 Y = X
0 Y > X

� (4.2)

ANOVA

	 SStotal = SStreatment + SSerror

	 DF total = DF treatment + DF error

	 MStreatment = SStreatment/DF treatment

	 MSerror = SSerror/DF error

	 F = MStreatment

MSerror
= SStreatment/DF treatment

SSerror/DF error
� (5)

Here, SS represents the sum of squares, DF  represents 
the degree of freedom and MS is the mean squares.

Results
Feature selection and dimensional reduction
To answer the first research question, we propose a fea-
ture selection and dimensional reduction workflow to 
process the multiomics data as described below.

Feature selection
We proposed a robust feature selection method for mul-
tiomics data, and Fig.  2 illustrates two feature selection 
methods for discrete and continuous data. For discrete 
data, we used Fisher’s exact test (Eq. 1) or the chi-square 
test (Eq.  2) [22] to determine the correlations between 
each feature and their label (Fig.  2A). For continuous 
data, we divided the dataset into two datasets accord-
ing to the label, and then we integrated Student’s t test 
(Eq.  3) [17, 49], Mann-Whitney U test (Eq.  4) [15] and 
ANOVA (Eq. 5) [50] to perform feature selection [10, 13, 
35, 48, 51, 52, 53, 54] (Fig. 2B). Key equations are listed in 
Methods.

Table  1 lists the key features for each dataset, and 
Supplementary Table S1 describes the feature selection 
procedure.

Dimensional reduction
Since Table 1 shows that the features of proteomics and 
phosphoproteomics data still had high dimensions, we 
carried out PCA (Eq.  6) to reduce the dimensions of 
these two datasets [55].

	 TL = XWL � (6)

In Eq. 6, WL maps the original data X  with p variables 
to a new space T  with p variables that are uncorrelated 
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Fig. 1  Workflow of the study. The P values in Step 3 were calculated using the T test [61]
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over the dataset, and only the first L principal compo-
nents are retained after dimensional reduction.

Figure 3 shows the classification results when we chose 
the first two principal components for dimensional 
reduction. Since the first two principal components 
successfully segmented patients with recurrence and 
metastasis (blue) and patients without recurrence and 
metastasis (red), we chose the first two principal compo-
nents to reduce dimensions for proteomics (Fig. 3A) and 
phosphoproteomics data (Fig. 3B).

After dimensional reduction, the number of features 
of the clinical data, somatic mutations, proteomics and 
phosphoproteomics datasets decreased from 110 to 11. 
Table 2 lists the final features of each dataset, and Supple-
mentary Table S2 describes the dimensional reduction 
procedure.

Data augmentation
To answer our second question, we used the results of 
feature selection and dimensional reduction as input 
(Tables  1 and 2) to estimate if the dataset is sufficient 
large for model training. If the dataset size was insuf-
ficient, we employed data augmentation to increase the 
dataset size using the method described below.

Sample Estimation
We employed Eq. 7 to compute the optimum sample size 
(n) for each selected feature with respect to the preset 
statistical significance [56, 57].

	 n = σ 2(Q1
−1+Q2

−1)(µα+µβ)2

δ2 � (7)

Here, σ is the standard deviation; µ α  and µ β  are the 
critical values of the U-test at the first type of error rate 

Fig. 2  Feature selection methods for (A) discrete and (B) continuous datasets
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and the second type of error rate; Q1 and Q2 are the pro-
portions of each part of the population after the dichoto-
mization procedure; and δ  is the difference between the 
mean of the two datasets.

After performing sample size estimation for every 
selected feature in Table  1, the optimum sample size 
n of each dataset is listed in Table 3. Because our origi-
nal dataset only consisted of 144 labelled data (2.1 Data 

source section), the dataset was smaller than the opti-
mum sample size n of some datasets (Table 3), indicating 
that our samples were not sufficient for model training.

SMOTE algorithm
The SMOTE algorithm (Eq. 8) [58] was previously used 
for oversampling. Here, we employed it for data augmen-
tation. The procedure and key equation are listed below.

Input  Dataset
T = { ( x1, y1), (x2, y2), . . . , (xn, yn ) }, where xi is 
the examples and yi is the labels; number of samples m; 
number of nearest neighbours k.
 
Process:

For each data (xi, yi) in T :
Find k nearest neighbours with the same label.

	 K = { ( xi1, yi), (xi2, yi), . . . , (xik, yi ) }

Choose m neighbours randomly in K .

	 M = { ( xi1, yi), (xi2, yi), . . . , (xim, yi ) }

Table 1  The key features of each dataset
Dataset Features
Clinical data Lymph node, Metastasis, Calcium nodus
Somatic mutations COL6A3, OTOG, KAL1
Proteomics A0A024R046, A0A024R056, A0A024R0Y5, 

A0A024R1S8, A0A024R2U7, A0A024R3B5, 
A0A024R5K1, A0A024R7I3, A0A024R9G4, 
A0A024RCX8, A0A024RCY1, A0A087WTA8, 
A0A0A0MRF6, A0A0A0MSM0, A0A0S2Z3J9, 
A0A140VJC9, A2RUA4, A4D1 × 5, A6NHQ2, 
A8K2L4, A8K878, B2R4P9, B2R5J1, B2RDF2, 
B2RDW1, B2ZDQ1, B4DEH0, B7ZB78, 
C9K0I4, D3DT27, E9PMC9, G1EPM2, O14917, 
O60493, O75554, P02452, P02461, P02749, 
P05164, P11908, P14780, P17066, P17600, 
P18077, P20585, P23378, P24158, P29350, 
P31947, P35637, P36268, P37802, P40763, 
P42224, P48061, P49327, P51572, P52209, 
P52630, P52732, P54707, P63261, P68371, 
P78346, Q13151, Q13287, Q13884, Q15029, 
Q2TAM5, Q53SW3, Q546E0, Q6DN03, 
Q6FIA3, Q7Z434, Q8N8A2, Q8WUM0, 
Q8WXH0, Q92734, Q96A33, Q96BP3, 
Q96IS6, Q99497, Q9BTE1, Q9BTT0, Q9NZ08, 
Q9UI15, Q9UNS2, Q9Y2Z0, Q9Y426

Phosphoproteomics A0A024R4G1_509_Y, A0A024R4Z6_441_Y, 
A0A024R9K2_184_S, A0A024RAM4_1817_S, 
A0A087WVT6_320_S, A0A140VJN8_130_S, 
B4DPP8_314_T, B4DPP8_320_S, 
B4DPP8_325_T, P08670_436_T, 
P62263_137_S, Q6WKZ4_206_S, 
Q6WKZ4_338_S, Q8IZ21_358_T, 
Q92625_628_S

Table 2  The results of dimensional reduction
Dataset Features
Clinical data Lymph node, Metastasis, Calcium nodus
Somatic mutations COL6A3, OTOG, KAL1
Proteomics First two principal components
Phosphoproteomics First two principal components

Table 3  Optimum sample size N of each dataset
Dataset Estimated sample size
Clinical data 86
Somatic mutations 231
Proteomics 142
Phosphoproteomics 157

Fig. 3  Illustration of the first two principal components. Here, red points represent patients without recurrence and metastasis, and blue points represent 
patients with recurrence and metastasis. (A) Proteomics data and (B) phosphoproteomics data
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For each data (xij , yij) in M :

	 xnew = xi + rand (0,1) ∗ (xij − xi) � (8)

Output  Generated new dataset G with label yi

	 G = { ( x1, yi), (x2, yi), . . . , (xn∗m, yi )}

We used the SMOTE algorithm to augment the data with 
pseudo dataset generation by setting m = 1 and k = 5, 
as described in detail in Supplementary Table S3. Then, 
the sample size increased from 144 (original dataset) to 
288 (pseudo dataset). Since the size of the pseudo data-
set (288) was greater than estimated sample size (231), 
we consider that it meets the requirement for the sample 
estimation.

Evaluation of the pseudo dataset quality
We employed the maximum Fisher’s discriminant ratio 
or F1 [59] to validate whether the generated dataset was 
sufficient for classification and to evaluate the quality of 
the data augmentation process for the pseudo dataset, 
as described in a previous study [58]. The F1 value cal-
culated using Eq. 9 shows the degree of overlap. A high 
F1 value indicates a low degree of overlap in the datasets, 
which is better for classification [58].

	 fi = (µ 1−µ 2)2

σ12+σ22 � (9.1)

	 F1 = max (fi) � (9.2)

We employed Eq.  9.1 and 9.2 to compute fi for each 
individual feature i and F1 value, respectively. µ 1, µ 2,

σ 1, and σ 2 are the means and standard errors for the 
two classes, respectively.

As described in a previous study [58], we calculated 
the F1 value to evaluate the overlap of the two classes. 
Since the F1 value for the original dataset (Fig. 4A) was 
less than the F1 value for the SMOTE-generated data-
set (Fig.  4B), we consider that the dataset generated by 
SMOTE has such a lower degree of overlap that is better 
for classification than the original dataset.

Predictive model
To answer our third question, we developed an ensem-
ble predictive model using three classical classification 
methods, the performance of which was measured using 
K-fold cross validation [12, 18, 51, 52, 57]. The develop-
ment of the ensemble learning model and comparison of 
the performance between ensemble learning and classi-
cal classification are described below.

Ensemble learning model development
Regarding to previous studies [60, 61], we integrate 
three classical classification methods, LR [62], SVM [63] 
and Naive-Bayes [64], to develop an ensemble predic-
tive model (Fig.  5) for the recurrence and metastasis of 
colorectal cancer. The key equations used in this model 
are listed below.

	 Dt (i) = 1
n � (10)

	

εt =
n∑

i = 1
ht (xi) ̸= yi

Dt (i)
� (11)

	
αt = 1

2 ln
(

1−ϵt

ϵt

)
� (12)

	
Dt+1 (i) = Dt

sum(Dt+1)

{
e−αt ht (xi) = yi

eαt ht (xi) ̸= yi
� (13)

Fig. 4  Illustration of the dataset mapped to two dimensions and the F1 value. Here, red points represent patients without recurrence and metastasis, and 
blue points represent patients with recurrence and metastasis. (A) Original dataset and (B) generated dataset
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Fig. 5  The workflow of ensemble learning model development
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	 HmT (x) =
∑T

t=1 αtht (xi) (14)� (14)

	
log

(
H(x)

1−H(x)

)
= c0 +

∑M=3
m=1 cmHmT (x) � (15)

Here, Dt (i) is the weight distribution, t is the iteration 
time, i is the index of the sample, and n is the num-
ber of samples. ϵt and αt are the error rate and weight 
of each weak classifier ht, respectively. For a sample set 
S = { ( x1, y1), (x2, y2), . . . , (xn, yn ) }, xn repre-
sents the samples and yn ∈ {0, 1} represents the labels; 
yi = 0 indicates that xi is not a patient with recurrence 
and metastasis, and yi = 1 indicates that xi is a patient 
with recurrence and metastasis. HmT  is the homo-
morphic integration for each weak classifier ht; m is 
the index of the weak classifier, m = 1, 2, 3; T  is the 
threshold of the iteration time; H (x) is the ensemble 
classifier; and cm is the weight of each weak classifier.

Predictive performance comparison
Figure  6A compares the classification performance for 
the LR, Naive-Bayes, SVM, GDBT, and ensemble learning 

models based on four commonly used classification mea-
surements (Supplementary Table S4) [60]. Supplemen-
tary Table S5 lists the means and standard deviations for 
the results presented in Fig. 6A. Supplementary Table S6 
lists the P values for LR, NB, SVM, GDBT and ensemble 
learning models. Figure 6 and Supplementary Tables S5 
and S6 show the statistically significantly better classifi-
cation performance of the ensemble learning model than 
that of the other four models. Figure 6B shows that if we 
comprehensively consider both sensitivity and specificity 
by constructing ROC curves [33], the ROC curve of the 
ensemble learning model is better than that of LR, Naive-
Bayes, SVM and GDBT models.

Discussion
This study aimed to develop a multiomics data-based 
mathematical model to predict the recurrence and 
metastasis of colorectal cancer by answering three scien-
tific questions.

To answer the first question, we used multiple data 
mining methods with the pipelines illustrated in Fig.  2 
to explore the key features and employed PCA to reduce 
the dimensions of those features. Since Table 1 shows not 
only the selected features with statistically significant dif-
ferences between positive and negative classes but also 
manually reviewed evidence indicating that COL6A3 [65] 
and TNM [66] are related to the development of colorec-
tal cancer, OTOG [67] and KAL1 [68] are related to gas-
tric cancer and oral squamous cell carcinoma, and most 
of the functions of proteomics and phosphoproteomics 
features [69] are related to cancer, we consider that these 
features can be employed as classifiers for our proposed 
predictive model. Moreover, since Fig.  3 shows that the 
positive and negative classes were successfully distin-
guished from each other, we consider that our dimen-
sional reduction is efficient.

To answer the second question, we employed data 
augmentation to generate the pseudo dataset for model 
training (Table 3). After data augmentation, we calculated 
the F1 value [58] to evaluate the quality of the pseudo 
dataset. As shown in Fig. 4, the pseudo dataset generated 
by the SMOTE algorithm has a greater F1 value than the 
original dataset, indicating that the pseudo dataset not 
only meets the requirement of sample estimation but 
also ensures the data quality and robustness. Although 
SMOTE was the most used and effective method for 
numerical data augmentation, we have also tried other 
data augmentation methods, such as adding noise to cre-
ate new data [70], but experiments showed that the data 
created by this method was not good enough (Shown in 
Figure S1, F1 value for different methods: Original: 1.260, 
SMOTE: 1.503, Noise: 1.259). As we explained above, the 
greater the F1 value, better quality of the generated data. 

Fig. 6  Model performance. (A) Comparison of the classification perfor-
mance of LR, SVM, Naive-Bayes, and ensemble learning models; (B) ROC 
curves plotted for LR, SVM, Naive-Bayes, and ensemble learning models

 



Page 10 of 12Li et al. BMC Medical Informatics and Decision Making          (2025) 25:188 

So, we can see the quality of SMOTE is better than other 
data augmentation methods.

To answer the third question, we developed an ensem-
ble learning predictive model for the recurrence and 
metastasis of colorectal cancer. Figure 6 and Supplemen-
tary Table S6 show the significantly better performance 
of the ensemble model than the single classical machine 
learning model. However, Fig.  6A shows that the sensi-
tivity of the ensemble learning model is not better than 
that of the Naïve bayes method. A potential explanation 
is that the ensemble learning model employs accuracy 
as the objective function to optimize the key weights 
(Eqs. 12 and 13) for each weak classifier, and thus it does 
not exhibit the best performance for the other three mea-
surements, especially for sensitivity. On the other hand, 
Fig. 6B shows that the ROC curves of ensemble learning 
are better than those of the other three models, implying 
that the ensemble model still performs better than the 
single classical machine learning model if we comprehen-
sively consider both sensitivity and specificity.

Conclusion
This study developed a multiomics data-based math-
ematical model to predict the recurrence and metastasis 
of colorectal cancer. First, we develop a feature selec-
tion and high dimensionality reduction algorithm that 
processes these high-dimensional multiomics colorec-
tal cancer datasets. Second, we employ a computational 
algorithm to perform data augmentation for colorectal 
cancer prediction. Third, we build a predictive model that 
takes advantage of multiomics data and results in a high 
predictive accuracy for the recurrence and metastasis of 
colorectal cancer.

Although we have already achieved substantial progress 
in predicting colorectal cancer recurrence and metas-
tasis, the unclear connections between proteomics and 
phosphoproteomics data remain to be solved. Thus, we 
will integrate more multiomics data and advanced bioin-
formatics methods into the current predictive model to 
increase its predictive power in the distant future.
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