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Purpose: To explore whether machine learning models using serological markers can predict the relapse of Ulcerative colitis (UC).
Patients and Methods: This clinical cohort study included 292 UC patients, and serological markers were obtained when patients 
were discharged from the hospital. Subsequently, four machine learning models including the random forest (RF) model, the logistic 
regression model, the decision tree, and the neural network were compared to predict the relapse of UC. A nomogram was constructed, 
and the performance of these models was evaluated by accuracy, sensitivity, specificity, and the area under the receiver operating 
characteristic curve (AUC).
Results: Based on the patients’ characteristics and serological markers, we selected the relevant variables associated with relapse and 
developed a LR model. The novel model including gender, white blood cell count, percentage of leukomonocyte, percentage of 
monocyte, absolute value of neutrophilic granulocyte, and erythrocyte sedimentation rate was established for predicting the relapse. In 
addition, the average AUC of the four machine learning models was 0.828, of which the RF model was the best. The AUC of the test 
group was 0.889, the accuracy was 76.4%, the sensitivity was 78.5%, and the specificity was 76.4%. There were 45 variables in the RF 
models, and the relative weight coefficients of these variables were determined. Age has the greatest impact on classification results, 
followed by hemoglobin concentration, white blood cell count, and platelet distribution width.
Conclusion: Machine learning models based on serological markers had high accuracy in predicting the relapse of UC. The model 
can be used to noninvasively predict patient outcomes and can be an effective tool for determining personalized treatment plans.
Keywords: ulcerative colitis, relapse, serological markers, machine learning, random forest model

Introduction
Ulcerative colitis (UC) is a chronic inflammatory disease of the colonic mucosa, and its incidence is rising worldwide.1 It 
starts in the rectum and extends proximally to part or the entire colon in a continuous manner.2 UC usually presents with 
bloody diarrhea and the aim of management is to induce and maintain remission, defined as relief of symptoms and 
endoscopic healing.3 The diagnosis of UC is based on symptoms, endoscopic findings, and other alternative diagnoses. 
Endoscopy is the gold standard test for evaluating UC activity and healing, but it is an expensive, invasive, and 
uncomfortable procedure for patients. Diagnostic modalities need to be improved for more rigorous monitoring of 
disease activity.

UC has evolved into a global burden given its high rate of relapse, which requires a two-pronged solution that 
includes research on interventions to prevent UC and innovation in providing care for UC patients. Treatment for UC 
patients includes 5-aminosalicylic acids (5-ASA), steroids, and immunosuppressants. Patients might have anemia, iron 
deficiency, leucocytosis, or thrombocytosis. Hypoalbuminaemia may be a predictor of colectomy and adverse reactions to 
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biological drugs.4 Some biomarkers of inflammation, such as erythrocyte sedimentation rate (ESR) and C-reactive 
protein, can be elevated (severe UC) or normal (mild to moderate disease).5 The course of clinical relapse of UC is 
difficult to predict. Strict and effective management is the key to improving the prognosis of UC patients.6 Therefore, it is 
urgent to accurately predict UC relapse.

The diagnostic armamentarium for ulcerative colitis is expanding, and the serological markers have become a focus 
for the diagnosis and prognosis of UC because they are convenient, non-invasive, and relatively inexpensive compared to 
other markers in biopsy tissue or stool.7 Classical serological markers, such as perinuclear anti-neutrophil cytoplasmic 
antibodies (p-ANCA) and anti-Saccharomyces cerevisiae antibodies (ASCAs), are initially used for diagnostic purposes, 
and later used to predict the course and outcome of UC.8,9 However, there is still no ideal biomarker for monitoring UC, 
since these antibodies are sometimes negative in patients with UC.10 In addition to the antibodies, there is growing 
evidence that other serological markers, including the neutrophil to lymphocyte ratio (NLR), platelets, and leukocyte 
count, are significant to predict the recurrence of UC patients, and can reflect systemic inflammation to a certain 
extent.11,12 The combination of various serological biomarkers is valuable for improving the prediction of UC relapse.

It is of great significance to establish a clinical prediction model with good performance to guide the diagnosis and 
treatment of UC. With the development of technology, machine learning algorithms have become a new method of 
medical data processing.13 For example, the random forest (RF) model has proven useful in Alzheimer’s disease and 
diabetic nephropathy.14 In addition, the logistic regression model (LR), the decision tree (DT), and the neural network 
(NN) have shown strong capabilities in medical data processing.15,16 Previous studies have demonstrated that machine 
learning algorithms improve the accuracy of identifying and distinguishing UC compared to using serological markers 
alone.17 However, these prediction tools have not been used in the relapse of UC patients. Thus, our study aims to 
establish a predictive relapse model of UC, incorporating various serological biomarkers into computational algorithms 
to provide information for predicting disease activity.

In this study, we analyzed serological biomarkers from UC patients and used machine learning algorithms to evaluate 
the predictive value of serological markers on the relapse of UC. We aimed to develop, validate, and compare the 
machine learning models for predicting the relapse of UC patients using serological markers, which may help predict 
patient outcomes and determine personalized treatment plans.

Materials and Methods
Study Population
This population-based retrospective study was conducted at the Tianjin Union Medical Center. We collected the medical 
records of UC patients who were hospitalized from January 2017 to December 2021. The inclusion criteria were as 
follows: (1) aged 18–80 years, (2) hospitalized with intestinal symptoms, (3) diagnosed with UC by colonoscopy, (4) 
experienced routine blood testing, ASCA-lgA, ASCA-lgG, anti-pancreatic acinar antibodies (PAB), anti-intestinal goblet 
cell antibodies (GAB) and pANCA test. The exclusion criteria included patients with other gastrointestinal diseases (ie, 
gastrointestinal tumors, irritable bowel syndrome, and intestinal polyps), or other autoimmune diseases. The flowchart of 
this study is presented in Figure 1.

Based on the criteria described, patients diagnosed with UC were enrolled in this study cohort. The patients were 
treated and followed according to the established procedures for at least one year in the hospital. The UC patients were 
treated with 5-ASA only and did not use biotherapy or surgery, and patients in clinical remission were allowed to be 
discharged from the hospital. The clinical recurrence in UC patients was identified by reviewing lists of patients re- 
admitted to our hospital within one year, and the patients were divided into the relapse group. The patients were 
hospitalized with intestinal symptoms and confirmed to be UC by colonoscopy. Meanwhile, the other UC patients were 
divided into the group without relapse.

Data Collection
The medical records included all information about relapse symptoms, patients’ demographic parameters, laboratory tests 
performed, medical procedures applied, medications administered, or medical history. In the first place, we concluded the 
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common recurrent symptoms by summarizing the medical records of the relapse group. As for demographic parameters, 
only the age and sex of patients were available in the data analysis of this study. The clinical indices contain Blood 
Routine Indexes, and ASCA-lgA, ASCA-lgG, PAB, GAB, and pANCA.

At the time of discharge, the blood values were examined again. Venous blood specimens were drawn into sterile 
standard tubes and evaluated within two hours. Routine blood testing was detected by Mindray® (BC6800PLUS/SC- 
120), which included white blood cell count (WBC), red blood cell count (RBC), hemoglobin (HGB), platelet count 
(PC), red blood cell distribution width (RDW), mean platelet volume (MPV), prothrombin time (PT), D-dimer and so on. 
Moreover, ASCA-lgA, ASCA-lgG, PAB, GAB, and pANCA were detected by indirect immunofluorescence using 
a commercial test kit® (EUROIMMUN). In this study, all the values were then obtained directly through the medical 
database.

Statistical Analysis
The medical records were saved and processed into the pseudonymized form of the first step and the later anonymous 
forms through Excel and SPSS (IBM Corp) software packages. The data of serological markers were expressed as mean 
± standard deviation if they were in accordance with normal distribution, and as median and interquartile interval 
otherwise. If the data conformed to a normal distribution, the T-test was used to compare the differences of data. If the 
data did not conform to a normal distribution, the chi-square test was used.

Figure 1 The flowchart of the study. 
Abbreviations: UC, Ulcerative colitis; RF, random forest; DT, decision tree; NN, neural network; AUC, the area under the curve.
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Next, the serological markers of UC patients were collected and used to develop and validate the Machine Learning 
Prediction Model, including LR, RF, DT, and NN. To be specific, LR is a commonly used binary linear classifier. RF is 
an idea of ensemble learning, which inputs many weak learners through random sampling of data, and it could measure 
the relative importance of each feature for the prediction.14 The DT is a classification and regression model based on 
a tree structure, which classifies or predicts data through a series of decisions.18 The NN is an updated technology based 
on models with fewer assumptions, which relies on multi-layers of representation of data with continuous transforma-
tions, and it is capable of handling more complex data.19

We have performed LR, RF, DT, and NN based on age, gender, blood routine indexes, and ASCA-lgA, ASCA-lgG, 
PAB, GAB, and pANCA results to predict the relapse of UC. These 45 indicators are closely related to UC recurrence.7 

In the LR model, we used univariate logistic regression to calculate odds ratio (OR) values of variables, followed by 
multiple logistic regression selection of potential variables, and P values <0.05 in univariate analysis were included to 
establish the model. According to the clinical characteristics and statistically significant variables, a nomogram was 
constructed to facilitate clinical application. Next, we plotted the receiver operating characteristic curve and calculated 
the AUC to evaluate the validation. In the end, four machine learning prediction models were validated by resampling 
from the original data set using a bootstrapping method. The train/test split was used where 70% of the data was used for 
the training model, and the remaining 30% was used for the testing model. Through a comprehensive evaluation of the 
performance of each model, the optimal model was obtained, and the variables in the model have been ranked in order of 
importance.

All statistical analyses were performed using R4.1.3 software. The LR model used the glm function in this study. 
Univariate analysis was performed using the t.test and wilcox.test functions. The nomogram used lrm and nomogram 
functions. The calibration curve used the calibrate function. The ROC curves used the roc function, and the DCA curve 
used the plot_decision_curve function. In addition, the RF model used the randomForest function of the randomForest 
package, and the importance of variables could be obtained. The NN model used the neuralnet function of the neuralnet 
package. The DT model used the rpart function of the rpart package. A p-value of <0.05 was considered statistically 
significant.

Results
The Clinical Characteristics of UC Patients
A total of 292 UC patients were followed up and analyzed when they were hospitalized during their first admission. The 
median age was 47.29 years (18 ~ 79 years), and 159 (54.45%) were men.

During one year of follow-up, 178 cases of UC patients were re-admitted due to recurrence, and 114 UC patients had 
no recurrence. The characteristics of UC patients are shown in Table 1. The UC patients were re-admitted at a mean of 
7.69 months and a median of 7 months, and the range of relapse dates was 2 to 12 months after the first diagnosis. The 
median age of the relapse group and the group without relapse was 49.78 and 46.38 years, respectively.

The Relapse of UC Patients
The recurrence rate in follow-up UC patients was about 60.96%. According to the medical records, relapsing patients 
who come to the hospital were mostly affected by symptoms. The common symptoms that prompt admission to the 

Table 1 Characteristics of UC Patients Followed for One Year

Variables The Relapse Group The Group Without Relapse

Total number 178 114

Age (years ± SD) 49.78 ± 11.87 46.38 ± 15.46

Male gender (%) 96 (53.93%) 63 (55.26%)

Female gender (%) 82 (46.07%) 51 (44.74%)
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hospital were abdominal pain, most of which were lower abdominal pain, with a few around the navel and upper 
abdomen. All patients had diarrhea, and some patients were accompanied by tenesmus. They had a defecation frequency 
of 3 ~ 15 times per day and presented with purulent, bloody, and mucoid loose bowel motions. In terms of fever, many 
patients had a low-grade fever, while a few had a fever up to 38 °C. There were some patients with anorexia, hiccups, or 
even vomiting. Other parenteral symptoms mentioned were joint pain, ulcers and so on.

The Serological Markers of UC Patients
To investigate differences in blood routine indexes and the expression of ASCA-lgA, ASCA-IgG, PAB, GAB, pANCA, 
and ANA and their relationship with relapse, the patients were divided into the relapse group and the group without 
relapse. The serological markers of UC patients are shown in Table 2.

Table 2 The Serological Markers of UC Patients

Serological Markers Abbreviation The Relapse 
Group

The Group Without 
Relapse

P value

White blood cell count (109/L) WBC (109/L) 8.39 (6.57, 10.9) 6.97 (5.57, 9.10) 0.002*

Percentage of neutrophilic granulocyte (%) NEUT% (%) 72.3 (64.0, 77.2) 66.7 (59.8, 74.7) 0.005*

Percentage of leukomonocyte (%) LYMPH% (%) 20.4 (14.7, 26.1) 23.7 (18.4, 31.3) 0.002*

Percentage of monocyte (%) MONO% (%) 5.00 (3.92, 6.38) 5.50 (4.10, 6.95) 0.092

Percentage of eosinophils (%) EO% (%) 1.90 (0.43, 3.77) 1.20 (0.50, 2.75) 0.201

Percentage of basophilic granulocyte (%) BASO% (%) 0.40 (0.30, 0.50) 0.40 (0.30, 0.60) 0.902

Absolute value of neutrophilic granulocyte (109/L) NEUT# (109/L) 5.86 (4.30, 8.23) 4.66 (3.30, 6.36) 0.001*

Absolute value of leukomonocyte (109/L) LYMPH# (109/L) 1.67 (1.28, 2.08) 1.67 (1.33, 2.10) 0.865

Absolute value of monocyte (109/L) MONO# (109/L) 0.42 (0.31, 0.55) 0.38 (0.27, 0.53) 0.208

Absolute value of eosinophils (109/L) EO# (109/L) 0.14 (0.04, 0.26) 0.09 (0.03, 0.21) 0.067

Absolute value of basophilic granulocyte (109/L) BASO# (109/L) 0.03 (0.02, 0.05) 0.03 (0.02, 0.04) 0.105

Red blood cell count (1012/L) RBC (1012/L) 4.21 ± 0.66 4.38 ± 0.60 0.058

Haemoglobin concentration (g/L) HGB (g/L) 121 (105, 133) 129 (110, 142) 0.015*

Thrombocytocrit (%) HCT (%) 36.0 (32.6, 39.6) 38.2 (34.2, 41.8) 0.019*

Mean platelet volume (fL) MCV (fL) 85.9 (83.1, 89.0) 87.0 (83.6, 90.5) 0.176

Mean corpuscular hemoglobin content (pg) MCH (pg) 28.9 (27.4, 30.0) 29.3 (27.6, 30.7) 0.178

Mean corpuscular hemoglobin concentration (g/L) MCHC (g/L) 332 (322, 342) 335 (324, 344) 0.669

Coefficient of variation of red blood cell distribution 
width (%)

RDW-CV (%) 12.8 (12.4, 13.5) 12.8 (12.2, 13.8) 0.873

Standard deviation of red blood cell distribution width (fL) RDW-SD (fL) 39.8 (38.5, 42.9) 41.1 (38.8, 43.6) 0.212

Blood platelet (109/L) PLT (109/L) 300 (251, 357) 277 (226, 354) 0.023*

Platelet distribution width (fL) PDW (fL) 10.6 (9.33, 11.9) 10.8 (9.80, 11.8) 0.349

Mean platelet volume (fL) MPV (fL) 9.70 (9.10, 10.4) 9.80 (9.40, 10.4) 0.376

Thrombocytocrit (%) PCT (%) 0.30 (0.25, 0.35) 0.28 (0.23, 0.34) 0.027

(Continued)
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When comparing the values of the serological markers between the relapse group and the group without 
relapse, a total of 13 variables had statistically significant differences, including WBC, percentage of neutrophilic 
granulocyte (NEUT%), percentage of leukomonocyte (LYMPH%), absolute value of neutrophilic granulocyte 
(NEUT#), HGB, thrombocytocrit (HCT), blood platelet (PLT), absolute value of immature granulocyte (IG#), 
percentage of mature neutrophils (NEUT% [and]), absolute value of mature neutrophils (NEUT# [and]), fibrino-
gen (FIB), D-dimer, ESR.

Compared with the group without relapse, WBC (109/L) (8.39 [6.57, 10.9] vs 6.97 [5.57, 9.10], P = 0.002), NEUT% 
(%) (72.3 [64.0, 77.2] vs 66.7 [59.8, 74.7], P = 0.005), NEUT# (109/L) (5.86 [4.30, 8.23] vs 4.66 [3.30, 6.36], P = 0.001), 
PLT (109/L) (300 [251, 357] vs 277 [226, 354], P = 0.023), IG# (109/L) (0.04 [0.03, 0.08] vs 0.03 [0.02, 0.06], P = 
0.028*), NEUT% [and] (%) (71.8 [63.4, 77.7] vs 66.1 [59.2, 73.7], P = 0.002*), NEUT# [and] (109/L) (5.80 [4.27, 8.15] 
vs 4.58 [3.26, 6.22], P = 0.001*), FIB (g/L) (4.70 [3.66, 5.62] vs 4.08 [3.18, 5.16], P = 0.027*), D-dimer (mg/L) (0.81 
[0.45, 1.83] vs 0.59 [0.33, 1.15], P = 0.017*) and ESR (mm/h) (30.0 [19.2, 41.5] vs 22.0 [15.0, 33.5], P = 0.009*) in the 
relapse group were significantly elevated.

Table 2 (Continued). 

Serological Markers Abbreviation The Relapse 
Group

The Group Without 
Relapse

P value

Platelet-large cell ratio (%) P-LCR (%) 22.1 (17.0, 28.6) 23.2 (19.2, 28.0) 0.351

Absolute value of nucleated red blood cells NRBC# 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.403

Percentage of nucleated red blood cells (%) NRBC% (%) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.398

Percentage of immature granulocytes (%) IG% (%) 0.50 (0.30, 0.80) 0.50 (0.30, 0.70) 0.49

Absolute value of immature granulocyte (109/L) IG# (109/L) 0.04 (0.03, 0.08) 0.03 (0.02, 0.06) 0.028*

Percentage of mature neutrophils (%) NEUT% [and] (%) 71.8 (63.4, 77.7) 66.1 (59.2, 73.7) 0.002*

Absolute value of mature neutrophils (109/L) NEUT# [and] 
(109/L)

5.80 (4.27, 8.15) 4.58 (3.26, 6.22) 0.001*

Prothrombin time (s) PT (s) 13.7 (12.9, 14.0) 13.4 (12.9, 13.9) 0.228

PT-INR PT-INR 1.06 (0.98, 1.09) 1.03 (0.98, 1.09) 0.286

Activated partial thromboplastin time (s) APTT (s) 36.9 (34.8, 39.8) 36.7 (34.1, 39.5) 0.489

Thrombin time (s) TT (s) 15.9 (15.1, 16.6) 15.6 (15.0, 16.4) 0.208

Fibrinogen (g/L) FIB (g/L) 4.70 (3.66, 5.62) 4.08 (3.18, 5.16) 0.027*

D-dimer (mg/L) D-dimer (mg/L) 0.81 (0.45, 1.83) 0.59 (0.33, 1.15) 0.017*

Erythrocyte sedimentation rate (mm/h) ESR (mm/h) 30.0 (19.2, 41.5) 22.0 (15.0, 33.5) 0.009*

Anti-Saccharomyces cerevisiae antibody lgA ASCA-lgA 0.00 ± 0.00 0.00 ± 0.07 0.547

Anti-Saccharomyces cerevisiae antibody IgG ASCA-IgG 0.01 ± 0.11 0.01 ± 0.10 0.795

Pancreatic acinar antibodies PAB 0.01 ± 0.11 0.01 ± 0.12 0.938

Intestinal goblet cell antibodies GAB 0.01 ± 0.11 0.01 ± 0.10 0.795

Perinuclear anti-neutrophil cytoplasmic antibodies pANCA 0.56 ± 0.50 0.61 ± 0.49 0.462

Antinuclear antibody ANA 0.29 ± 0.46 0.36 ± 0.48 0.27

Notes: The data were expressed as mean ± standard deviation if they were in accordance with normal distribution, and as median and interquartile interval otherwise; * 
P<0.05.
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By contrast, three serological markers of re-admitted patients had lower values, being these differences statistically 
significant for LYMPH% (%) (20.4 [14.7, 26.1] vs 23.7 [18.4, 31.3], P = 0.002), HGB (g/L) (121 [105, 133] vs 129 [110, 
142], P = 0.015), HCT (%) (36.0 [32.6, 39.6] vs 38.2 [34.2, 41.8], P = 0.019).

There were some significant differences in parameters of the routine blood test, while there was no significant 
difference in classical antibody markers, such as ASCA-lgA, ASCA-lgG, PAB, GAB, and pANCA between the two 
groups (P ≥ 0.05). The above results suggested that the serological markers of the relapse group are different, which can 
be further analyzed for the relapse of UC patients.

Construction of LR Models
We screened out 16 statistically significant potential predictors from the 36 variables in the training set using univariate 
regression analysis. After the variables were screened by stepwise regression, the multivariate regression analysis showed 
that gender, WBC, LYMPH%, percentage of monocyte (MONO%), NEUT#, and ESR were independent influencing 
factors. Among them, gender, WBC, and ESR were risk factors (OR > 1). LYMPH%, MONO% and NEUT# were 
protective factors (OR < 1). The univariate and multivariate Cox regression analyses in UC patients of the training set are 
shown in Table 3. We created a probability equation based on the above six predictors as follows.

Y = 1.800*Female + 0.856*WBC - 0.108*LYMPH% - 0.208*MONO% - 1.039*NEUT# + 0.023*ESR - 0.146

Table 3 Univariate and Multivariate Cox Regression Analysis in UC Patients

Variable Univariable Multivariable

OR (95% CI) P value OR (95% CI) P value

Age 1.01 (1.00–1.03) 0.13

Female 5.43 (3.20–9.20) <0.001* 5.96 (3.40–10.44) <0.001*

WBC 1.14 (1.05–1.22) 0.001* 2.30 (1.10–4.81) 0.026*

NEUT% 1.04 (1.02–1.07) <0.001* 0.81 (0.60–1.11) 0.192

LYMPH% 0.95 (0.92–0.98) <0.001* 0.88 (0.78–0.98) 0.019*

MONO% 0.88 (0.79–0.98) 0.017* 0.78 (0.66–0.93) 0.004*

EO% 1.05 (0.95–1.15) 0.344

BASO% 0.83 (0.36–1.95) 0.675

NEUT# 1.17 (1.07–1.27) <0.001* 0.37 (0.14–0.98) 0.046*

LYMPH# 0.90 (0.63–1.29) 0.565

MONO 1.05 (0.43–2.56) 0.923

EO# 2.46 (0.65–9.26) 0.184

BASO# 44.77 (0.00-Inf) 0.497

RBC 0.50 (0.33–0.76) 0.001*

HGB 0.99 (0.98–1.00) 0.009*

HCT 0.96 (0.92–0.99) 0.013*

MCV 0.98 (0.95–1.01) 0.271

MCH 0.97 (0.91–1.03) 0.336

MCHC 1.00 (0.99–1.01) 0.743

(Continued)
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Development and Assessment of the Nomogram
In order to make the prediction model easy to use, we constructed a nomogram based on the above six variables 
(Figure 2). The value of each variable can be represented by drawing a straight line up from the corresponding value of 
the variable to the “point” line. Add the scores and mark them in the “Total points” line. Draw straight lines downward to 
the corresponding “predicted value” axis and obtain the possibility of relapse in UC patients.

Table 3 (Continued). 

Variable Univariable Multivariable

OR (95% CI) P value OR (95% CI) P value

RDW-CV 0.99 (0.91–1.08) 0.846

RDW-SD 1.01 (0.99–1.03) 0.286

PLT 1.00 (1.00–1.00) 0.014*

PDW 0.98 (0.87–1.10) 0.679

MPV 0.96 (0.75–1.23) 0.755

PCT 17.25 (1.46–203.28) 0.024*

P-LCR 0.99 (0.96–1.03) 0.743

NRBC# 0.00 (0.00-Inf) 0.262

NRBC% 0.05 (0.00–14.41) 0.305

IG% 1.36 (0.87–2.12) 0.173

IG# 22.03 (0.48–1007.92) 0.113

NEUT% [and] 1.05 (1.03–1.08) <0.001* 1.20 (0.90–1.60) 0.217

NEUT# [and] 1.17 (1.08–1.28) <0.001*

PT 1.29 (0.96–1.74) 0.09

PT-INR 10.15 (0.47–219.09) 0.139

APTT 1.04 (0.99–1.10) 0.147

TT 1.05 (0.85–1.30) 0.626

FIB 1.31 (1.09–1.58) 0.005*

D-dimer 1.33 (1.11–1.61) 0.002*

ESR 1.04 (1.02–1.05) <0.001* 1.02 (1.00–1.04) 0.032*

ASCA-lgA 0.78 (0.48–1.28) 0.328

ASCA-IgG 0.00 (0.00-Inf) 0.783

PAB 0.00 (0.00-Inf) 0.986

GAB 0.00 (0.00-Inf) 0.984

pANCA 3.14 (0.19–50.74) 0.419

ANA 0.68 (0.43–1.08) 0.101

Note: *P<0.05.

https://doi.org/10.2147/JIR.S423086                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2023:16 3538

Pang et al                                                                                                                                                             Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


The receiver operating curve analysis was performed to evaluate the predictive effectiveness of the model, and the 
AUC was considered to be an important indicator to evaluate the validity of the model. In the training set, AUC was 
0.783 (accuracy = 0.769, sensitivity = 0.673, specificity = 0.801). Subsequently, we verified the validity of the test set, 
which showed an AUC of 0.781 (accuracy = 0.754, sensitivity = 0.696, specificity = 0.777). The high value of AUC 
indicates that the model has a strong ability to predict UC relapse. The calibration curve and decision curve of the 
nomogram are shown in Figure 2. Our calibration curve showed that the model had reliable calibration ability and small 
prediction errors. In addition, the decision curve showed that within the threshold probability interval between 0.1 and 
0.8, the nomogram had strong clinical utility in predicting the relapse of UC patients.

Construction of RF, DT, and NN Models
Based on serological markers of UC patients, three other machine learning prediction models were further trained, 
including RF, DT, and NN. The average AUC of the four machine learning models was 0.828. The performance of the 
four machine learning classifiers in the test set and training set are shown in Table 4.

The RF model showed the best performance (AUC = 0.889, accuracy = 0.764, sensitivity = 0.785, specificity = 
0.764). The DT model had the second-best performance (AUC = 0.838, accuracy = 0.745, sensitivity = 0.735, specificity 
= 0.745). Except for the LR model, the NN model performed comparatively poorly, because it had a strong learning 
ability in the training set but performed poorly in the test set.

The best performances of models in the test set were obtained as representative results. The ROC curves and AUCs of 
the three models in the test set were measured (Figure 3). These data demonstrated that the model had a reliable 

Figure 2 The nomogram predicting the relapse of UC. 
Notes: The nomogram (A); Decision curve analysis for UC relapse prediction nomogram (B); AUC of the nomogram model in the test set (C) or training set (D); 
Calibration curve of discrimination nomogram in the test set (E) or training set (F), and the x-axis represents the predicted probability of UC relapse. 
Abbreviations: WBC, white blood cell count; LYMPH%, Percentage of leukomonocyte; MONO%, Percentage of monocyte; NEUT#, Absolute value of neutrophilic 
granulocyte; ESR, erythrocyte sedimentation rate.
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predictive value. Although all models performed well on the training set, the RF model was found to have performed best 
in the test set. Therefore, the RF classifier was found to perform best.

In the RF model, there were 45 variables including 43 serological markers, age, and gender. The relative weight 
coefficients of the variables were determined. The importance of variables is shown in Figure 4. We found that age had 
the greatest impact on classification results, followed by HGB, WBC, platelet distribution width (PDW), and RBC. In 
addition, the results of ASCA-lgA, ASCA-lgG, PAB, GAB, pANCA, and ANA were qualitative data and had poor 
performance. Among these antibodies that are closely associated with diagnosis, pANCA was the most important 
modeling variable.

Discussion
Ulcerative colitis (UC) is a progressive immune-mediated disease characterized by chronic inflammation of the intestinal 
tract. UC is of great concern in Asian countries as the incidence has been increasing over the past few decades.6 UC 
usually has a long-term treatment and unpredictable relapse.20 Early evaluation of UC relapse can determine the 
treatment and reduce surgical rates.21 Therefore, it is very important to find a cost-effective, convenient, and accurate 
method to predict the relapse of UC.

In addition to the antibodies typically associated with UC, recent evidence suggests that serological markers involved 
in angiogenesis and inflammation may provide additional information to help better identify and predict the relapse of 
UC.22 The serological markers are readily available and at low cost. Studies have shown that the serological markers 
have a certain significance in the prognosis of patients with liver cancer, cervical cancer, and malignant melanoma, and to 
some extent reflect systemic inflammation.23,24 In recent years, prediction models based on serological markers have 
been increasingly developed in various diseases. Therefore, we aimed to combine four machine learning algorithms to 
explore the relationship between serological markers and UC relapse.

Blood indicators have been proven to correlate with UC relapse in multiple investigations. For example, NLR in 
peripheral blood is a novel effective predictor of the prognosis of UC. In a retrospective study of 129 UC patients, the 
cumulative recurrence rate was significantly higher in the low NLR group than in the high NLR group, and multivariate 
analysis determined that high NLR was an independent prognostic factor for clinical relapse (hazard ratio: 1.74; 95% CI: 
1.02–2.98).25 Another study of 45 patients included similarly identified pretreatment NLR as an independent predictor of 
clinical relapse.26 The serological markers may aid in the determination of suitable treatment techniques and clinical 
practice judgments. It is recognized that mucosal healing in UC patients is associated with better outcomes.27 According 
to clinical studies, platelet count is independently and negatively associated with mucosal healing and may be a predictor 
of UC relapse.28 ASCA-lgA, ASCA-lgG, PAB, GAB, and pANCA are important auxiliary diagnostic indicators, which 
are often used for early diagnosis of colitis, and can also be used to predict UC recurrence. It has been shown that 
p-ANCA may be associated with pouchitis after proctocolectomy with ileal pouch-anal anastomosis for UC.29 Moreover, 
polymorphonuclear neutrophils and eosinophils are associated with UC relapse.30,31 Therefore, we identified UC patients 
who relapsed within one year and analyzed blood markers.

We found that the serological markers in patients with UC relapse were different from those in the group without 
relapse. A total of 13 variables had statistically significant differences, including WBC, NEUT%, LYMPH%, NEUT#, 
and HGB, etc., which were worthy of further analysis to predict the relapse. More clinical data could be collected in the 

Table 4 The Performance of Machine Learning Prediction Models

Models Test Set (n=85) Training Set (n=207)

AUC Accuracy Sensitivity Specificity AUC Accuracy Sensitivity Specificity

RF 0.889 0.764 0.785 0.764 0.871 0.832 0.836 0.832

DT 0.838 0.745 0.735 0.745 0.771 0.817 0.846 0.817
NN 0.804 0.823 0.842 0.823 0.829 0.83 0.873 0.83

LR 0.781 0.754 0.696 0.777 0.783 0.769 0.673 0.801

Abbreviations: RF, random forest; DT, decision tree; NN, neural network; LR, logistic regression; AUC, the area under the curve.
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future to enhance the analysis. Although deep learning is more popular than traditional methods, LR is still widely used 
in various fields due to its unique advantages. The most prominent that model is a simple and interpretability the model.32 

Subsequently, the results of LR showed that female, patients with higher WBC levels, higher ESR levels, lower LYMPH 
% levels, lower MONO% levels, and lower NEUT# levels were more likely to relapse. In addition, a nomogram was 
constructed, and the performance was evaluated. Based on multivariate Cox regression analysis, the nomogram adopts 
a line segment with scale and draws it on the same plane in a certain proportion. Thus, the predicted value of the 

Figure 3 The performances of machine learning models. 
Notes: Confusion matrix of the LR model (A), the DT model (B), and the NN model (C) in the test set; ROC curves the LR model (D), the DT model (E), and the NN 
model (F) in the test set. 
Abbreviations: RF, random forest; DT, decision tree; NN, neural network.
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individual outcome event is calculated. The nomogram transforms the complex regression equation into a visual graph, 
making the results of the prediction model more readable.33 The six variables in the nomogram are routine clinical 
variables that are readily available to clinicians. The decision curve showed the clinical utility of our model, suggesting 
that it may be beneficial for clinicians to use the nomogram to predict UC relapse. The model might help clinicians treat 
UC patients in a timely manner and improve their prognosis.

Then, we used these serological markers to develop other three machine learning classifiers to predict the relapse of 
UC, including RF, DT, and NN. The models typically employ machine learning algorithms to assess the importance of 
variables in prediction, and provide information for subsequent clinical decisions. Diseases such as Alzheimer’s,34 acute 
kidney injury,35 pancreatitis,36 and breast cancer37 already utilized these algorithms. As a machine learning technique 
inspired by the human neuronal synapse system, the NN model has better predictive ability than the logistic Cox 
regression model.38 The DT model is simple to implement and provides an intuitive way to predict the outcomes. The 
algorithm distinguishes between “high” and “low” values of the predictors associated with the outcome. As a classifier 

Figure 4 The importance of variables in the RF model.
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containing multiple-decision trees, the RF model produces one of the best accuracies to date and has important 
advantages over other techniques in terms of the ability to handle highly nonlinear biological data, robustness to 
noise, simplicity of tuning, and the opportunity for efficient parallel processing.39 In this study, we collected clinical 
data from 292 UC patients and applied four machine learning algorithms. The results have shown that the AUC 
performance of LR, RF, DT, and NN models trained using serological markers is satisfactory, and their predictive 
value is reliable in our study. Even though all models did well on the training set, the RF fared best and has excellent 
predictive effectiveness with an AUC of 0.889 in the test set. It is observed that the RF classifier performed the best and 
has the greatest clinical application potential. The serological biomarker-based machine learning models can inform 
individuals about the future development of their diseases, guide doctors and patients to make joint decisions in further 
treatment, and assist in the formulation of clinical treatment plans. Accurate recurrence prediction is of great value to 
both medical research and practice.

Conclusion
The serological diagnostic markers have good predictive performance. We found that machine learning algorithms could 
effectively predict the recurrence of UC, which is worthy of clinical application. The predictive value of LR, RF, DT, and 
NN models using serological markers is reliable, and RF has the best performance. The model is simple and fast, which 
can help doctors treat UC patients in a timely manner. Unlike colonoscopy, the models do not have any contraindications, 
so they can be used more widely in the hospital.

Our study is an attempt at translational medicine to predict patients’ relapse with routine clinical variables readily 
available to clinicians. The serological biomarker-based machine learning models for the recurrence of UC can help 
clinicians to formulate corresponding treatments for patients and assist clinical decision support. The machine learning 
models of these serological markers along with the activity of UC should be further explored.
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