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A B S T R A C T

Background and Aim: Machine learning based on clinical data and treatment protocols for better clinical decision- 
making is a current research hotspot. This study aimed to build a machine learning model on washed microbiota 
transplantation (WMT) for ulcerative colitis (UC), providing patients and clinicians with a new evaluation system 
to optimize clinical decision-making.
Methods
Patients with UC who underwent WMT via mid-gut or colonic delivery route at an affiliated hospital of Nanjing 
Medical University from April 2013 to June 2022 were recruited. Model ensembles based on the clinical in-
dicators were constructed by machine-learning to predict the clinical response of WMT after one month.
Results
A total of 366 patients were enrolled in this study, with 210 patients allocated for training and internal vali-
dation, and 156 patients for external validation. The low level of indirect bilirubin, activated antithrombin III, 
defecation frequency and cholinesterase and the elderly and high level of creatine kinase, HCO3

- and thrombin 
time were related to the clinical response of WMT at one month. Besides, the voting ensembles exhibited an area 
under curve (AUC) of 0.769 ± 0.019 [accuracy, 0.754; F1-score, 0.845] in the internal validation; the AUC of the 
external validation was 0.614 ± 0.017 [accuracy, 0.801; F1-score, 0.887]. Additionally, the model was available 
at https://wmtpredict.streamlit.app.
Conclusions
This study pioneered the development of a machine learning model to predict the one-month clinical response of 
WMT on UC. The findings demonstrate the potential value of machine learning applications in the field of WMT, 
opening new avenues for personalized treatment strategies in gastrointestinal disorders.
Trial registration
clinical trials, NCT01790061. Registered 09 February 2013 - Retrospectively registered, https://clinicaltrials.go 
v/study/NCT01790061
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1. Introduction

Ulcerative colitis (UC) is a subtype of chronic inflammatory bowel 
disease (IBD) characterized by recurring inflammation and injury of the 
intestinal mucosa or submucosa, typically extending into the colon and 
rectum [1,2]. Increasing evidence has demonstrated the crucial role of 
gut microbiota in the progression of UC [3,4]. Fecal microbiota trans-
plantation (FMT), a promising approach to reconstructing the compo-
sition and function of gut microbiota, has been effectively utilized in the 
treatment of recurrent Clostridioides difficile infection [5,6]. Addition-
ally, FMT shows potential for other conditions related to gut dysbiosis, 
including UC, Crohn’s disease, and other gut dysbiosis-related diseases 
[7].

A new method of FMT based on automatic washing and a new de-
livery process has been developed and termed as washed microbiota 
transplantation (WMT) [8] according to a consensus statement released 
by the FMT-Standardization Study Group in 2019[9]. WMT has been 
shown to have significant value in reducing the incidence of microbiota 
transplant-related adverse events (AEs) in UC patients, with a reduction 
rate exceeding 79.71 % (from 35.5 % with manual FMT to 7.2 % with 
WMT) [10]. This improvement is attributed to the elimination of 
pro-inflammatory viruses and metabolites during the washing process 
[8]. Our previous study demonstrated that washed preparations of fecal 
microbiota changed transplant-related safety, the quantitative method, 
and the delivery of the microbiota suspension [10].

Several clinical trials have shown that FMT or WMT are important 
for treating UC[11–13]. Our previously published study showed that the 
clinical response rate to FMT in treating UC was approximately 70 % 
within one month [14]. Recently, there has been an increase in the use of 
research paradigms based on big data in medicine and the life sciences. 
However, almost no models specifically focus on FMT or WMT in the 
context of UC. In 2022, a study performed in South Korea constructed a 
machine-learning model using a prospective cohort to predict the effi-
cacy of FMT on UC. They achieved a microbial AUC score of 0.78, which 
decreased to 0.53 when clinical indicators were used [15].

In this study, we developed a machine learning model to determine 
whether patients with UC in China who present clinical symptoms prior 
to WMT are more likely to benefit from the model’s predictive evalua-
tions. We also explored the model’s potential to assist physicians in the 
clinical decision-making process and reduce unnecessary medical 
resource expenditures. Given our team’s experience and dedication to 
studying IBD cohorts, we aimed to provide patients and clinicians with a 
novel evaluation system of WMT on UC based on clinical indicators. We 
also established a machine learning research paradigm that can be 
applied not only to clinical decision-making in IBD but also to other 
indications for using FMT or WMT.

2. Material and methods

2.1. Study population

The study based on the clinical trials of UC using WMT 
(NCT01790061) was performed at the Second Affiliated Hospital of 
Nanjing Medical University, Nanjing, China. This study was reviewed 
and approved by the institutional ethical committee. Patients were 
recruited from April 2013 to June 2022, and the last follow-up was 
completed on July 25, 2022. All eligible subjects provided written 
informed consents prior to participation.

Inclusion criteria were: (1) patients were diagnosed as UC by a 
combination of typical clinical, endoscopic, and histological criteria; (2) 
patients did not achieve satisfactory efficacy from the previous medi-
cations [16]. Exclusion criteria were: loss to follow up at the endpoints 
of follow-up; a massive lack of data (missing information > 70 %); aged 
< four years; undergoing manual FMT and accompanied with other 
intestinal disease and severe disease, such as malignant neoplasm, car-
diopulmonary failure, serious liver and kidney disease.

The baseline characteristics of recruited patients were assessed 
before WMT, including age at the beginning of WMT, gender, body mass 
index (BMI), duration of disease, extent of disease, Mayo score, endo-
scopic score, delivery route, history of drug use, family history, and 
defecation frequency and stool traits. A series of clinical and experi-
mental examinations before WMT were also recorded in our universal 
fecal microbiota bank (China Microbiota Transplantation System, 
CMTS).

2.2. Donor screening and WMT procedure

Healthy individuals from 6 to 24 years old were selected as candidate 
donors from CMTS and screened by strict exclusion criteria as described 
in our previous publications [17].

According to the previously reported protocols [14,16], fecal 
microbiota suspension was delivered into the patients’ mid-gut through 
gastroscopic infusion under anesthesia, using a nasojejunal tube and 
mid-gut transendoscopic enteral tubing (TET) [18], or into the lower gut 
through colonic TET [18].

In order to prevent reflux of the microbiota liquid and reduce gastric 
acid secretion in patients with gastrointestinal motility disorders un-
dergoing endoscopic delivery, they were administered 10 mg of intra-
muscular metoclopramide and an intravenous proton pump inhibitor at 
least one hour prior to WMT. The entire process, from the time of feces 
defecation to the delivery of the microbiota suspension, was completed 
within one hour [9]. Additionally, we selected the most suitable delivery 
route based on the patient’s disease condition and will.

2.3. Clinical assessment and outcome

The efficacy was evaluated at 1 month after each course of WMT. The 
partial Mayo score was used to evaluate the clinical response of WMT. 
Clinical efficacy was defined as follows: a decrease of partial Mayo score 
of ≥ 2 and ≥ 30 % from baseline plus a decrease in the rectal bleeding 
subscore of ≥ 1 or an absolute rectal bleeding subscore of ≤ 1 for UC [14, 
19]. US National Cancer Institute Common Terminology Criteria for 
Adverse Events (version 5.0) was then applied to describe the intensity 
and relativity of AEs with WMT. AEs that occurred after WMT were 
recorded at hospital visits or follow-ups by telephone and were cate-
gorized as either definitely related [20].

2.4. Machine learning for prediction

Predictive models were implemented by Python (version 3.8.10, http 
s://www.python.org/) using standard libraries that are publicly avail-
able: pandas (version 1.3.4), numpy (version 1.23.1), scikit-learn 
(version 0.23.1) [21], tableone (version 0.7.10)[22] and matplotlib 
(version 3.1.2). Logistic regression (LR), Random forests (RF), Adaptive 
boosting (AdaBoost), Light gradient boosting machine (LGBM), Support 
vector machine (SVM), Multi-layer perceptron (MLP), and Voting ma-
chine were used as classifier models for the prediction of different effi-
cacy by using clinical information and laboratory examinations.

2.5. Variable selection and preprocess

The clinical information and laboratory examination variables were 
processed using the aforementioned standard libraries in Python. For 
variables with missing values less than 70 %, we employed the K-nearest 
neighbors (KNN) algorithm with default settings to fill in the missing 
data. Variables with missing values exceeding this threshold were 
dropped from the analysis.

To ensure the reliability of the model, we addressed collinearity is-
sues by examining factors such as correlation, the coefficient of LR, the 
importance of RF, and significant differences. Relevant variables were 
carefully selected based on these considerations and included in the final 
model.
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Samples for internal verification were selected from the previous 
database. To ensure an unbiased evaluation, these samples were 
randomly divided into a training set (80 % of the samples) and a test set 
(the remaining 20 %), which contributed to the balanced class pro-
portions across the entire cohort, as well as within the training and test 
sets.

To prepare the variables for analysis, they were transformed and 
standardized. Additionally, principle components algorithm (PCA) was 
performed on the variables. The first three components of PCA were 
included in the analysis alongside the original variables. The optimal 
models were selected based on cross-validated (CV) results obtained 
through learning curve analysis. These models were further evaluated 
using a withheld evaluation dataset, which served as the final perfor-
mance assessment for predicting the efficacy.

2.6. Evaluation and explanation of models

Prospective samples for external verification were used to evaluate 
the models. We assessed the models’ discrimination by calculating the 
area under curve of receiver operating characteristic (AUROC, AUC) 
[23], accuracy, and confusion matrix with precision and recall. The 
F1-score (the harmonic mean of precision and recall) [24] and brier 
score (a measure of the mean squared difference between estimated risks 
and the actual outcomes) [25]were also calculated as a measure of 
model performance and calibration.

The interpretability of the model plays a crucial role in enhancing the 
acceptance and understanding of machine-learning predictions by cli-
nicians and patients. To achieve this, the Shapley Additive Explanations 
(SHAP) summary chart was plotted. This chart helps to visualize and 
analyze the impact of important characteristics on the model’s output, 
providing insights into both the overall positive or negative impact and 
the similarities and differences among these characteristics [26]. By 
utilizing the SHAP summary chart, clinicians and patients can gain a 
better understanding of the factors influencing the model’s predictions 
and the relative importance of each characteristic. This promotes 
transparency and trust in the machine-learning model by providing clear 
and interpretable explanations for its decision-making process.

2.7. Statistical analysis

Statistical analyses were carried out using Python. Continuous vari-
ables were presented as mean ± standard deviation (SD) or median with 
quartile, whereas categorical data were reported as frequencies and 
proportions. The unpaired Student’s t-test, Fisher’s exact test, chi-square 
test, and Tukey HSD test were applied to analyze the differences be-
tween groups according to the type of data. P value < 0.05 was 
considered to be statistically significant.

3. Results

3.1. Baseline characteristics of the study participants

As shown in the flow chart (Fig. 1), 366 patients with UC who un-
derwent WMT at our center were included for analysis. Of these, 210 
were allocated for model training and internal validation, while 156 
were used for external validation.

The baseline characteristics of the patients are shown in Table 1. 
Among the 366 participants, 58.47 % (214/366) were male, with a 
mean age of 40.20 years. The median disease duration was four years 
(IQR, 2.00–8.75). The median defecation frequency was 3.50 times per 
day (IQR, 2.00–6.00). The mean Mayo score was used to access the 
extent and severity of disease. Before WMT, the Mayo score was 7.44 
(median, 8; IQR, 6–10), with 85.79 % (314/366) of the patients classi-
fied as having moderate or severe disease activity.

3.2. Patient characteristics and variables selected for internal verification

To evaluate the variables selected for use in the models, we analyzed 
the differences between patient data used for internal verification 
(Fig. S1). Patients who exhibited a positive response one month after 
WMT had a lower frequency of defecation (P = 0.044) and Mayo score 
(P = 0.011) compared to those with no clinical responses. There were no 
significant differences between these two groups concerning age, dis-
ease duration, or BMI.

An effective response was more commonly observed in patients with 
higher platelet-larger cell ratios (P-LCR, P = 0.002), platelet distribution 

Fig. 1. Flow chart of the study. Framework for dataset partition, model training, independent validation (internal and external verification), and the online 
application. The individuals were divided into two groups, including the effective (green) and ineffective (red), according the efficacy at one month after WMT. LR, 
logistic regression; RF, random forests; Ada, adaptive boosting; LGB, light gradient boosting machine; SVM, support vector machine; MLP, multi-layer perceptron; 
VTM, voting machine.
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width (PDW, P < 0.001), mean platelet volume (P = 0.002), higher 
levels of HCO3

- (P = 0.046), creatine kinase (CK, P = 0.005), longer 
thrombin times (TT, P = 0.043), and lower levels of activated anti-
thrombin III (AT-IIIa, P = 0.038). The remaining laboratory indicators 
showed no significant differences between the two treatment response 
groups (Supplementary material 1).

Taking into account the coefficients of LR, the importance of RF, and 
the collinearity of variables (Supplementary material 2), 14 variables 
were selected for inclusion in the models (Table 2), including age, 
defecation frequency, Mayo score, P-LCR, PDW, P+, HCO3

- , γ-glutamyl 
transpeptidase (GGT), indirect bilirubin (IB), cholinesterase (CHE), CK, 
TT, the international normalized ratio (INR), and AT-IIIa. The darker the 
color, the more important the variable.

3.3. Model ensemble A and internal verification

Five-fold CV was conducted to train the models. The AUC was used to 
estimate the learning curve and assess model fitting. As training sizes 
increased, especially for the LR and SVM models, there was a noticeable 
trend towards convergence based on the 14 selected variables that 
formed ensemble A. However, a gap persisted between the training and 
cross-validation (X-val) lines (Fig. S2).

As shown in Figs. 2A, 85.71 % (6/7) of the AUC scores exceeded 0.7, 
and accuracy exceeded 0.73. Among all models, the RF model performed 
the best, achieving the highest AUC score of 0.83, underscoring its su-
perior performance in predicting WMT treatment outcomes. Although 
the AdaBoost model had the lowest AUC score (0.65), it demonstrated 
the highest accuracy, which was on par with the SVM model.

Except for the LR model, the other six models demonstrated high 
recall (0.77–0.94) and F1 scores (0.83–0.89), indicating their ability to 
accurately identify positive instances. These models also showed low 

Brier loss scores, ranging from 0.14 to 0.24, indicating good calibration. 
Among the models in ensemble A, SVM demonstrated superior recall, F1 
score, and Brier score. However, all models in this ensemble displayed 
high precision.

3.4. Internal verification of Model ensembles B and C

Clinicians may arrive at different conclusions regarding Mayo scores, 
particularly concerning endoscopy results and disease extent. To address 
this variability, we constructed Model Ensemble B to investigate 
whether a model excluding the Mayo score could predict the clinical 
response to WMT in UC patients one-month post-treatment. Addition-
ally, Model Ensemble C was developed by applying PCA to Ensemble B 
for further optimization.

In terms of fitting, both Model Ensembles B and C exhibited trends 
similar to Ensemble A. The learning curves for these ensembles showed a 
reduction in the gaps between the lines of training and cross-validation 
(X-val) compared to ensemble A, which suggests that ensembles B and C 
achieved better fitting. The learning curve for the LR model was the 
same in the ensembles B and C. However, as training sizes increased, 
most models in Ensemble C exhibited a smoother learning curve than 
those of Ensemble B (Fig. S3).

Internal verification evaluations on Ensembles B and C are shown in 
Fig. 2B and Fig. 2C. For the AUC score and accuracy, 71.42 % (5/7) of 
the models in Ensemble B exceeded 0.70, while one more model did in 
Ensemble C. The LGBM model in Ensemble B ranked first in AUC scores, 
surpassing the MLP model in Ensemble C. However, the model with the 
highest accuracy (LGBM, 0.81) in Ensemble B was lower than in 
Ensemble C (RF, 0.83). In terms of recall, F1 score, and Brier score, all 
models except LR performed well in both ensembles. Generally, models 
in Ensemble B demonstrated better recall and Brier score performance, 
while models in Ensemble C had better in F1 scores. Notably, all models 
exhibited strong precision scores.

3.5. Characteristics and results of external verification

To further verify the generalizability of the ensembles, we prospec-
tively collected data from 156 study participants for external verifica-
tion. The variables from these participants are listed in Table 3. Of the 
156 participants, 78.84 % (123/156) had a clinical response to treat-
ment. The mean age was 38.73 years, and the Mayo score before WMT 
was 6.80 ± 2.76 (IQR, 5.00–7.00).

Table 1 
The baseline characteristics of 366 samples.

Characteristic Result

N 366
Gender, male, n (%) 214 (58.47)
Age, years, mean ± SD 40.20 ± 15.64
Duration of disease, years, median (IQR) 4.00 (2.00 - 8.75)
BMI, kg/m2, mean ± SD 20.72 ± 3.47
Family history, n (%) 18 (4.92)
Medication history, % (n/N)
5-ASA 98.51 (331/366)
Steroids 42.35 (155/366)
Immunosuppressants 17.76 (65/366)
Biologic agents 7.92 (29/366)
Extent of disease, % (n/N)
E1, proctitis 13.39 (49/366)a

E2, left-sided colitis 46.45 (70/366)a

E3, pancolitis 62.02 (227/366)a

Defecation frequency, n / day, median (IQR) 3.50 (2.00 - 6.00)
Mayo score before WMT, mean ± SD 7.44 ± 2.69b

Mayo score before WMT, median (IQR) 8.00 (6.00 - 10.00)b

Disease severity, % (n/N)
Mild 10.11 (37/366)b

Moderate 59.56 (218/366)b

Severe 26.23 (96/366)b

Delivery route, % (n/N)
Mid-gut 27.32 (100/366)c

Colonic TET 73.50 (269/366)c

State, %(n/N)
Fresh 92.34 (338/366)
Frozen 0.82 (3/366)
Mixed 6.83 (25/366)

a 15 samples underwent WMT via mid-gut way without colonoscope (b), and 
five samples in endoscope remission underwent WMT for maintenance. c Three 
samples underwent WMT both in mid-gut way and colonic TET in the same 
course. 5-ASA, 5-animosalicylic acid; WMT, wash microbiota transplantation; 
TET, transendoscopic enteral tube; BMI, body mass index; SD, standard devia-
tion; IQR, range of interquartile.

Table 2 
The heatmap of characteristics of selected variables.

P Correlation Coefficient Importance

Age 0.056 0.126 0.449 0.014
Defecation frequency 0.044 − 0.157 − 0.527 0.013
Mayo score 0.025 − 0.179 − 0.725 0.017
P-LCR 0.002 0.148 0.274 0.014
PDW < 0.001 0.156 0.689 0.011
P+ 0.260 − 0.090 − 0.546 0.014
HCO3- 0.046 0.142 0.751 0.026
GGT 0.539 0.071 0.663 0.008
IB 0.130 − 0.127 − 1.050 0.018
CHE 0.134 − 0.136 − 1.222 0.026
CK 0.005 0.149 1.980 0.017
TT 0.043 0.157 0.089 0.018
INR 0.061 0.117 0.491 0.010
AT-IIIa 0.038 − 0.137 − 0.595 0.027

P-LCR, platelet-larger cell ratio; PDW, platelet distribution width; GGT, γ-glu-
tamyl transpeptidase; IB, indirect bilirubin or unconjugated bilirubin; CHE, 
cholinesterase; CK, creatine kinase; TT, thrombin time; INR, international 
normalized ratio; AT-IIIa, activates antithrombin III. Correlation, correlation 
coefficient; Coefficient, coefficient of logistic regression; Importance, impor-
tance of random forest. The darker the color, the more important the variable. 
the P-value < 0.05 was considered to be statistically significant.
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In terms of external verification, different results were obtained by 
the three model ensembles (Fig. 3). In ensemble A, 71.43 % (5/7) of the 
models had an AUC score of more than 0.60, with the LGBM model 
ranking first, with a score of 0.70. A majority of the models achieved an 
accuracy of over 0.75. Furthermore, all models in ensemble A performed 

well in terms of precision and recall. The Brier score for all models in 
ensemble A was below 0.25 (Fig. 3A).

In Ensemble B, only four models achieved an AUC of approximately 
0.60. However, the accuracy of six models exceeded 0.76. Compared to 
ensemble A, the AUC of the LGBM model was lower but remained the 

Fig. 2. The evaluation of Model ensembles on test data of internal verification. (A) The evaluation of Model ensemble A on test data of internal verification. (B) The 
evaluation of Model Ensemble B on test data of internal verification. (C) The evaluation of Model Ensemble C on test data of internal verification. ROC curve, receiver 
operating characteristic curve; AUC, the area under curve of receiver operating characteristic; LGBM, light gradient boosting machine; MLP, multi-layer perceptron.
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highest among the models in Ensemble B. Additionally, the precision, 
recall, and Brier scores of the models in Ensemble B were excellent 
(Fig. 3B).

Model Ensemble C contained five models with an AUC over 0.60, an 
accuracy exceeding 0.78. The RF model ranked first in terms of AUC in 
this ensemble. Unfortunately, the AUC of the MLP model was the lowest, 
falling below 0.5. However, the LR model in Ensemble C outperformed 
the other ensembles in terms of the remaining three evaluation in-
dicators. Overall, the other models in Ensemble C showed good perfor-
mance across the evaluated indicators (Fig. 3C).

There were no statistically significant differences in the AUC 
(P = 0.82), accuracy (P = 0.92), F1 score (P = 0.83), or Brier score 
(P = 0.93) between the three model ensembles. However, the AUC of 
Ensemble B performed worse than the others (Fig. 3D), and Ensemble C 
had better accuracy than the others (Fig. 3E), although these differences 
were not significant. In terms of the AUC, the LGBM model ranked 
highest, followed by algorithms based on the tree model (RF and Ada-
Boost), line model algorithms (LR and SVM), and the MLP algorithm 
(Fig. 3H). As an algorithm for integrating the results of the other six 
models, the AUC of the external voting machine classifier was 0.614 
± 0.017 (accuracy, 0.8013 ± 0.000; F1 score, 0.887 ± 0.001; Brier 
score, 0.161 ± 0.001), demonstrating good generalization and stability 
and good results for all the evaluation indicators among the three 
ensembles.

Table 3 
The characteristic variables of 156 samples for external verification.

Characteristic NA Result

N - 156
Clinical response, n (%) - 123 (78.84)
Age, years, mean ± SD - 38.73 ± 15.87
Defecation frequency, n / day, median (IQR) - 3.00 (2.00 - 5.25)
Mayo score before WMT, mean ± SD 7a 6.80 ± 2.76
Mayo score before WMT, median (IQR) 7a 7.00 (5.00 - 9.00)
P-LCR, mean ± SD 2b 30.00 ± 10.15
PDW, mean ± SD 2b 12.68 ± 3.04
P+, mean ± SD 2b 1.12 ± 0.20
HCO3

- , mean ± SD - 23.08 ± 1.99
GGT, median (IQR) 2b 10.00 (14.00 - 20.00)
IB, mean ± SD - 4.91 ± 3.60
CHE, mean ± SD - 6371.42 ± 1972.32
CK, median (IQR) - 59.50 (33.00 – 90.50)
TT, mean ± SD 7b 16.81 ± 0.93
INR, mean ± SD 7b 1.06 ± 0.10
AT-IIIa, mean ± SD 5b 96.30 ± 11.88

a Four samples underwent WMT via mid-gut way without colonoscope, and 
three samples in endoscope remission underwent WMT for maintenance.

b random missing; NA, the number of missing values; WMT, wash microbiota 
transplantation; P-LCR, platelet-larger cell ratio; PDW, platelet distribution 
width; GGT, γ-glutamyl transpeptidase; IB, indirect bilirubin or unconjugated 
bilirubin; CHE, cholinesterase; CK, creatine kinase; TT, thrombin time; AT-IIIa, 
activates antithrombin III; INR, international normalized ratio; SD, standard 
deviation; IQR, range of interquartile.

Fig. 3. The evaluation on generalization ability of model ensembles for external verification. (A) The evaluation on Model ensemble A of external verification. (B) 
The evaluation on Model Ensemble B of external verification. (C) The evaluation on Model Ensemble C of external verification. (D) The comparison of AUC score in 
different ensembles. (E) The comparison of accuracy in different ensembles. (F) The comparison of F1-score in different ensembles. (G) The comparison of brier score 
in different ensembles. (H) The comparison of AUC score in different algorithms. ROC curve, receiver operating characteristic curve; AUC, the area under curve of 
receiver operating characteristic; LR, logistic regression; RF, random forest; LGBM, light gradient boosting machine; MLP, multi-layer perceptron; VTM, voting 
machine; SVM, support vector machine. * , P < 0.05; * *, P < 0.01; * ** , P < 0.001; P-value < 0.05 was considered as statistically significant.
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3.6. Model explanations for external verification

We applied the Kernel explainer model to the external verification 
data generated by the three ensembles using the ‘shap’ Python package. 
The feature rankings for the VTM, an integrating algorithm, are dis-
played in Fig. 4. Feature importance decreases from top to bottom, with 
the color of the points representing the value of the corresponding 
variable for each sample. The colors range from blue (low value) to red 
(high value), and the horizontal position of each point reflects its SHAP 
value, indicating the variable’s contribution to a clinical response to 
WMT one month after treatment.

The most important variables accross the three ensembles were IB, 
CK, defecation frequency, and CHE. In Model Ensemble C, the first and 
second principal components (PC1 and PC2) emerged as important 
features. Interestingly, PC1 was mainly influenced by CHE and defeca-
tion frequency, while PC2 was affected by P-LCR, PDW, and AT-IIIa 
(Supplementary Table 3), which aligns with the rankings observed in 
the other ensembles. Therefore, low levels of IB, AT-IIIa, CHE, along 
with reduced defecation frequency, and high levels of CK, HCO3- and 
TT, and older age may positively correlate with a clinical response to 
WMT one month post-treatment.

3.7. Development of a webserver platform for models

We developed a user-friendly web platform to predict the clinical 
response to WMT for UC patients one-month post-treatment. The plat-
form, available at https://wmtpredict.streamlit.app/, is built using Py-
thon’s Streamlit package. Input the relevant information and a simple 
click on the ’Submit’ button in the Step one, the system activates the 
models to process the data. In Step Two, the platform provides pre-
dictions along with the probability of a positive or negative response to 
WMT based on the current patient status.

3.8. Adverse events

Thirty-eight WMT-related AEs (5.09 %, 38/746) were observed in 
746 WMT procedures. Approximately 97.37 % (37/38) of AEs occurred 
within one week after WMT and self-resolved within a few minutes or 
days. Increases in the frequency of defecation (2.82 %, 21/746), fever 
(1.07 %, 8/746), and abdominal pain (0.67 %, 5/746) accounted for 
most AEs. Only one AE (myasthenia) was observed in the four weeks 
after WMT. This was reported in our previous study focusing on AEs[14]
and categorized as possibly related to WMT. No serious WMT-related 
AEs were observed during the follow-up period in this study.

Fig. 4. The explanation and feature importance of model ensembles on external verification. (A) The summary plot of shap value on the voting machine of model 
ensemble A based on external verification. (B) The summary plot of shap value on the voting machine of model Ensemble B based on external verification. (C) The 
summary plot of shap value on the voting machine of model Ensemble C based on external verification. The importance of feature decreased from top to bottom. And 
the color of the points represented the value of corresponding variable every sample. The color of the points ranged from blue to red, the value ranged from low to 
high. The location of the point on the horizontal axis represented the shap value, which was positive to the possibility of clinical response of WMT after one month. P- 
LCR, platelet-larger cell ratio; PDW, platelet distribution width; GGT, γ-glutamyl transpeptidase; IB, indirect bilirubin or unconjugated bilirubin; CHE, cholinesterase; 
CK, creatine kinase; TT, thrombin time; AT-IIIa, activates antithrombin III; INR, international normalized ratio.
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4. Discussion

A number of studies have focused on constructing artificial intelli-
gence models to find biomarkers, microbiota (bacteriome), or metabo-
lites using sequencing technology to predict the clinical efficacy of FMT 
on UC [27–29]. However, few studies have reported on predictive 
models based on clinical indicators for the efficacy of FMT on UC. To 
address this gap, we employed a machine-learning approach to 
construct model ensembles that investigate the effectiveness of common 
clinical indicators in predicting the clinical response to WMT on UC one 
month after treatment.

In this study, the internal verification of model ensemble A partially 
relied on the Mayo score, which performed slightly better than the other 
indicators, suggesting that baseline Mayo scores are indicative of WMT’s 
clinical efficacy in UC. However, the Mayo score includes subjective 
physician evaluations, which may lead to variability in scoring based on 
similar or equivalent information. Additionally, the endoscopic score is 
limited in scope, which may hinder broader application in patient-side 
model integration.

Therefore, we developed Model ensembles B and C, excluding the 
Mayo score. While these ensembles performed slightly worse than 
ensemble A in internal verification, their external validation perfor-
mance was either comparable or superior. Specifically, Ensemble C 
exhibited better generalizability and stability than ensemble A. More-
over, as the results of the evaluations manifested, the voting machine 
learning algorithm, which integrated the results of the other six models, 
provided the three ensembles with improved stability and reliability.

Previous studies have used quantifiable laboratory indicators, 
including C-reaction protein (CRP), erythrocyte sedimentation rate 
(ESR), calprotectin (CaP), and lymphocyte subset analysis, to evaluate 
the disease activity of IBD [30–32]. However, these features were not 
included in our ensemble models for various reasons. First, these in-
dicators may have many missing values, making them difficult to 
effectively use in a model. Second, despite their potentially diagnostic 
and predictive values in IBD, they may not have significant predictive 
value specifically within the context of WMT for UC. For example, CaP 
has shown promise in the diagnosis of IBD and in predicting the relapse 
of quiescent IBD [33], but its role in predicting the efficacy of WMT on 
UC may be limited. From our previous clinical experience and relevant 
studies, the efficacy of WMT on UC cannot be accurately predicted by 
the short-term surveillance of cytokines and CRP [34]. For instance, a 
Lasso LR model based on white blood cells, hemoglobin, ESR, CRP, al-
bumin, and CaP yielded an AUC of only 0.53 [15], highlighting their 
limited predictive abilities.

In the current ensembles, low levels of IB, AT-IIIa, defecation fre-
quency, and CHE, along with the older age, high levels of CK, HCO3

- and 
TT, were associated with a clinical response to WMT one month after 
treatment. Notably, defecation frequency, as a part of the Mayo score, 
reflected the extent of the diseases.

CHEs are specialized carboxylic ester hydrolases that break down 
choline esters, including acetylcholinesterase (AChE) and butyr-
ylcholinesterase. AChE hydrolyzes acetylcholine, which regulates gut 
motility and mucosal responses [35]. Recently, an animal study has 
reported that decreasing the AChE levels can protect against tissue 
injury [36]. This finding may explain the negative correlation between 
CHE and clinical efficacy following WMT. However, this relationship is 
complex and warrants further investigation. Specifically, the interplay 
between cholinergic regulation, gut microbiota, and the host immune 
response in UC requires deeper exploration to better understand the 
underlying mechanisms.

Regarding coagulation indicators like TT and AT-IIIa, the latter 
serves as an antithrombin, leading to increased TT. In our ensembles, 
high AT-IIIa levels and decreased TTs were significant predictive fea-
tures. This finding aligns with a study by Kume et al. [37], which found 
that patients with inactive UC had lower AT-IIIa levels and increased TTs 
compared to patients with active UC.

Several studies have reported that IB may be an independent pro-
tective factor against UC due to its antioxidant and anti-inflammatory 
effects [38–40]. Lower bilirubin levels in UC [41] are positive corre-
lated with disease severity [42]. Interestingly, our ensembles indicated 
that a relatively low IB level may lead to a clinical response to WMT. The 
gut microbiota is involved in enterohepatic circulation, and a recent 
animal study reported that oral release of IB in the gut could modulate 
intestinal epithelium regeneration and immune response in UC [43]. 
Based on this, we hypothesize that WMT can regulate this circulation 
through microbiota, making it easier for severe UC to achieve a clinical 
response.

There is a notable phenomenon whereby older UC may have a higher 
likelihood of achieving a positive clinical response to treatment. This 
observation is supported by our previous study, which reported that 
older patients with UC were more likely to experience short-term, ste-
roid-free clinical remission and maintain a long-term response via WMT 
[16]. Our ensembles also found a positive association between age and 
clinical response.

In this study, 73.50 % of patients received WMT by colonic TET, 
while few underwent WMT by mid-gut route. Our previous studies have 
shown no difference in efficacy and safety between the two routes [14, 
16]. Patients’ overall satisfaction and acceptance for both routes were 
high, exceeding 95 % [44]. Nonetheless, colonic TET is the more rec-
ommended route for its relatively more convenient and non-disruptive 
nature [44]. Moreover, colonic TET is available for clinical practice 
and research: frequent and timely delivery of microbiota and medica-
tions, drainage and decompression for colonic perforation and ileocolic 
obstruction, and sampling for microbial research[45].

The incidence of AEs in the study participants was 5.09 %, and only 
one (0.13 %) WMT-related, long-term AE was observed. Most AEs were 
minimal and self-resolving, suggesting that WMT is a safe treatment for 
patients with UC.

This was a pilot study, and future research can build on the lessons 
learned. First, expanding data collection to include multiple medical 
institutions and clinical trials could improve the reliability and gener-
alizability of the models. However, in clinical research, limited patient 
numbers and imbalanced distributions of specific disease subtypes may 
pose challenges to the reliability. Second, accurate and consistent data 
annotation is crucial, requiring a clinical expert team for this task. Third, 
careful feature selection and data preprocessing are essential for 
obtaining key information related to clinical responses following WMT. 
Lastly, to promote clinical acceptance and application, the interpret-
ability of AI models is vital. Further research on interpreting and 
explaining machine-learning model predictions can help healthcare 
professionals and clinical decision-makers understand the decision- 
making process and the basis for predictions.

This study has several limitations. First, some data were retrospec-
tive and derived from patients’ self-reports. Second, missing data led to 
the exclusion of some variables, which may have introduced bias. Third, 
although our sample size was the largest possible given the number of 
patients with UC who underwent FMT, the convergence and AUC results 
could be improved. Finally, the effects of COVID-19 should be investi-
gated in future studies using a larger sample size.

5. Conclusions

This study utilized machine learning models on large sample sizes to 
predict the clinical response to WMT in UC patients one month after 
treatment, based on pretreatment clinical indicators. The inclusion of 
explainer models further enhanced the interpretability of the predictions 
and provided valuable insights for optimizing clinical decision-making. 
The findings suggest that machine learning can contribute to the field of 
WMT. With ongoing advancements in machine learning and the accu-
mulation of larger datasets, integrating these models into routine clin-
ical practice holds promise for improving patient outcomes following 
WMT.
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