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Objective: Based on machine learning method, four types of early postoperative frailty risk prediction model of enterostomy patients were constructed to compare the performance of each model and provide the basis for preventing early postoperative frailty of elderly patients with enterostomy.

Methods: The prospective convenience sampling method was conducted and 362 early postoperative enterostomy patients were selected in three hospitals from July 2020 to November 2023 in Shanghai, four different prediction models of Support Vector Machine (SVM), Bayes, XG Boost, and Logistic regression were used and compared the test effects of the four models (MCC, F1, AUC, and Brier index) to judge the classification performance of the four models in the data of this study.

Results: A total of 21 variables were included in this study, and the predictors mainly covered demographic information, stoma-related information, quality of life, anxiety and depression, and frailty. The validated models on the test set are XGBoost, Logistic regression, SVM prediction model, and Bayes on the MCC and F1 scores; on the AUC, XGBoost, Logistic regression, Bayes, and SVM prediction model; on the Brier scores, Bayes, Logistic regression, and XGBoost.

Conclusion: XGBoost based on machine learning method is better than SVM prediction model, Logistic regression model and Bayes in sensitivity and accuracy. Quality of life in the early postoperative period can help guide clinical patients to identify patients at high risk of frailty and reduce the incidence of early postoperative frailty in elderly patients with enterostomy.
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Introduction

The 2023 Global Cancer Report highlights that colorectal cancer remains the third most common cancer worldwide and ranks second in terms of mortality (1). Enterostomy is a crucial treatment for colorectal cancer (2). During the initial postoperative phase, factors such as decreased physical function, alterations in excretion patterns, gastrointestinal issues, and the effects of radiotherapy and chemotherapy can contribute to the development of frailty (3–5). Research indicates that frailty can occur in as many as 92.2% of cases (4).

Frailty is a multidimensional syndrome encompassing independent physiological, psychological, and social factors (6). Research indicates that early postoperative frailty can decrease patient treatment tolerance, raise the likelihood of postoperative complications and mortality, and significantly impact postoperative functional recovery (3, 4). Some studies suggest that colorectal malignancies and associated surgeries induce an “acute stress state”, with the risk of complications and mortality within 30 days being closely linked to the patient's frailty status (7, 8). Early detection of frailty and accurate prediction of its occurrence risk hold significant practical implications for managing frailty.

Machine learning has emerged as a powerful statistical analysis method in recent years, offering the ability to handle high-dimensional variables, non-linear relationships, and complex interactions between variables. This approach allows researchers to explore numerous potential risk factors, select the best features through appropriate algorithms without making prior assumptions, and then build and optimize the model parameters to achieve accurate prediction results (9, 10). Logistic is a classic classification method, which is classified by calculating the probability that samples belong to a certain category. It is simple, intuitive and easy to explain. It can provide the degree of contribution of each independent variable to the predicted results (i.e., weight), and help clinicians and researchers identify the factors most associated with the risk of frailty (11). SVM is a classification method based on statistical learning theory, it is able to find a hyperplane in high dimensional space, separate different categories of samples, and has good generalization ability, SVM has good processing ability for high dimensional data and non-linear problems, can effectively deal with multivariate and complex prediction problems in this study (12). Bayes is a classification method based on the Bayes theorem and the independent assumption of feature conditions. It is simple, efficient, and can achieve good classification effect in some cases (10). Bayes classifier can make full use of the existing prior knowledge and data to make probabilistic prediction, which makes the prediction results more reliable and credible (10). XGBoost is an optimization algorithm based on gradient lifting decision tree. It improves the traditional gradient. Therefore, in this study, we employed four different methods (SVM, Bayes, XG Boost, and Logistic) to develop a risk prediction model for early postoperative frailty in elderly enterostomy patients. By comparing the predictive performance of these models, we aim to provide valuable insights for developing improved risk prediction models for this patient population in the future.



Methods


Study population

By convenience sampling, 362 patients who underwent enterostomy surgery in Shanghai from July 2020 to November 2023 and met the inclusion and exclusion criteria were selected as the study subjects of this study. Inclusion criteria: Patients diagnosed with colorectal cancer and enterostomy; aged 60 years; 7 days after surgery; willing to participate in the study, normal cognitive function and communication skills. Exclusion criteria: History of mental illness; Patients clinically diagnosed with other malignancies, severe septic shock, and multiple organ failure. Based on the sample size calculation formula (11), the study subjects should have more than 10 times the number of weak events compared to the prediction index. For the 23 candidate risk factors for this study, at least 230 elderly enterostomy patients should be included. According to the previous investigation of the research group, the incidence of early postoperative frailty in elderly colorectal cancer patients was 92.2% (4), namely 230/92.2% = 241. According to the rate of 10% follow-up, at least 267 patients need to be investigated, and a total of 362 patients were included in the study period. This study received approval from the hospital ethics committee [Batch No.: [2022] (001)], and all patients provided informed consent by signing the necessary documents.


Related definition criteria of frailty risk predictors and outcome

The research group conducted a literature review to identify risk factors for early weakness following enterostomy in elderly patients. A systematic literature search was conducted using key terms such as “ostomy,” “enterostomy,” “colostomy,” “ileostomy,” “intestinal stoma,” “stoma,” “weakness,” “weak,” “frail,” “frailty,” and “complications.” Various databases including CBM, WanFang Data, CNKI, VIP, Embase, the Cochrane Library, Web of Science, ScienceDirect, and PubMed were searched for relevant studies. Two investigators with expertise in evidence-based research conducted the literature screening, resulting in the retrieval of 1,419 documents. After screening, 13 articles met the inclusion criteria. Quality assessment of the included studies was independently performed by the investigators using the Newcastle-Ottawa Scale for case-control and cohort studies, and the Agency for Healthcare Research and Quality criteria for cross-sectional studies. Two investigators extracted risk factors from the literature independently. Two rounds of Delphi expert consultations were conducted to assess the clinical relevance of these risk factors. The selection criteria for the experts are the ostomy specialist nurses who have worked for 10 years, and 10 ostomy specialist nurses participated. The research group discussed the formation of a questionnaire of risk factors for early frailty after elderly enterostomy. Subsequently, a questionnaire was developed to evaluate early frailty risk factors post-enterostomy in the elderly population. These factors include gender (4), age (13) education (4), marital status (14), acute and chronic diseases (15), self-perceived health status (14) monthly income (4), stoma complications (such as fecal skin dermatitis, stoma bleeding, injury, allergic dermatitis, necrosis, and mucosal separation) (16), receipt of chemoradiotherapy (17), stoma acceptance (16), sleep quality (18), social support (4), anxiety (14), preoperative frailty (19), and cancer stage (16). The recovery process post-enterostomy was divided into three stages: early surgery, recovery period, and post-discharge recovery. Early surgery refers to the period up to 1 month post-operation, while the recovery period extends beyond discharge. Patients included in the study had undergone enterostomy within 1 week of surgery (4). Using the Tilburg Frailty Scale (20), patients were assessed across three dimensions: physical, psychological, and social, with a total score range of 0–15 and a score of five indicating frailty. Higher scores corresponded to greater frailty severity.



Model building and validation

In this study, data was analyzed using a machine learning algorithm. A total of 362 samples were randomly divided into a training set and a validation set in a 7:3 ratio through the random grouping function in Python (train test split). The training set, consisting of 70% (253 cases), was used for model building, while the remaining 30% (109 cases) served as the test set for model evaluation. Given the small sample size and the dichotomous nature of the predicted outcome, XG Boost, Logistic Regression, SVM, and Bayes, these 4 models were chosen for analysis. The performance of each model was assessed based on metrics such as accuracy, precision, recall rate (sensitivity), specificity, F1 score, area under the ROC curve, and Brier score.



Quality control

The personnel involved in the survey and database construction have received unified training; the survey is arranged on the 7th day after the operation; double input and third party error checking to ensure the accuracy of the data. To ensure the consistency of the four models, a statistical expert was invited to handle the operation. The research team includes clinical medical experts, clinical nursing experts, ostomy specialist nurses, nursing undergraduates, and statistical experts.



Statistical method

In this study, the data were statistical analyzed by SPSS 23.0 software (IBM, Armonk, NY, USA), and the statistical analysis was completed by Python 3.11.0 software. Measurement data meeting the normal distribution were expressed as mean ± standard deviation ([image: image] s) and t-test was used for comparison between groups. Measurement data with non-normal distribution are presented as median, quartile [M (Q1, Q3)], and comparisons between groups were performed using the Mann-Whitney U-test. Count data were expressed as frequency and composition ratio (%), and χ2-test was used for comparison between groups. The performance of the four models was evaluated by accuracy, precision, recall (sensitivity), specificity, F1 score, area under the ROC curve, and brief score, and P < 0.05 was considered as a statistically significant difference.





Results


General characteristics of the 362 patients with enterostomy

Among the 362 elderly patients with enterostomy, there were 187 males and 175 females. In terms of age distribution, 189 patients were 65–69 years old, 44 were below junior high school level, 116 had completed high school or technical secondary school, 56 had attended college, and 14 had completed undergraduate studies or above. Additionally, 184 patients were accompanied by family members, while 47 were accompanied by nannies or escorts. The general condition of the patients and the detection rate are detailed in Table 1.


TABLE 1 General data and analysis of frailty-related risk predictors in 362 elderly patients with enterstomy.
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Characteristics of risk factors of the model

The XG Boost prediction model identified quality of life, sleep, monthly family income, marital status, anxiety, and conscious health status as the top six factors influencing the model. Similarly, the SHAP values in the SVM prediction model revealed that these same six indicators had the most significant impact on the model. Additionally, the Logistic regression prediction model considered age, work status, conscious health status, sleep, quality of life, anxiety, and social support as the seven key predictors. More detailed information can be found in Table 2 and Figures 1, 2.


TABLE 2 Frailty-related risk predictors of elderly patients with enterstomy based on logistic regression model.
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FIGURE 1
 Predictor weights in the XGBoost model for early postoperative frailty risk prediction in elderly enterostomy patients.
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FIGURE 2
 Predictor SHAP values in the early postoperative frailty SVM model in elderly patients with enterostomy.




Comparison between the performance of the four models

Among the four models, XG Boost achieved the highest MCC value in both the training and test sets. In the training set, XG Boost also had the highest F1 value, while in the test set, SVM and Logistic had the highest F1 values. The Brier scores for prediction models in the training set were 0.063 for Logistic, 0.040 for XG Boost, 0.079 for SVM, and 0.138 for Bayes. In the test set, the Brier scores were 0.092 for Logistic, 0.092 for XG Boost, 0.092 for SVM, and 0.137 for Bayes. Internal verification results on the model test set and training set indicate that the sensitivity and calibration of the XGBoost model are superior to the other three models. For more detailed information, refer to Table 3 and Figure 3.


TABLE 3 Comparison results of the four types models.
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FIGURE 3
 Comparison amongst plot of area under the curve in the early postoperative frailty risk model for four elderly enterostomy patients.





Discussion

Frailty is characterized by decreased body resistance and increased vulnerability, manifesting in various physiological, psychological, and social aspects. Frailty is a dynamic and reversible process. Identifying key risk factors and implementing proactive measures based on these factors can decelerate the progression of weakness in patients and enhance their frailty condition. Currently, some researchers are utilizing machine learning techniques to investigate relevant risk factors for frailty in elderly enterostomy patients and develop predictive models to diagnose or anticipate frailty at an early stage. This endeavor holds significant value in averting frailty onset and enhancing patient quality of life. Notably, the occurrence of early postoperative frailty in elderly colorectal cancer patients was notably high at 78.4%, surpassing the findings of ELABBAS et al. study (50%) (15) and falling below the previous research group investigation (92.2%) (4). The higher incidence of frailty in this study may be attributed to the inclusion of elderly patients over 65 years old, as age is a significant risk factor for frailty. Moreover, older elderly patients often lack knowledge and skills for stoma self-care, making them more susceptible to weakness. The research group conducted preliminary investigations on patients within 7 days post-surgery, while this study focused on patients on the 7th day after surgery. It is possible that cancer itself contributes to a wasting disease. Additionally, elderly patients experience a heightened stress response post-surgery, leading to a more significant decrease in activity levels. Identifying frailty risk factors is crucial for frailty assessment. The research group developed the initial questionnaire based on literature evidence and preliminary findings, refining its clinical applicability through two rounds of expert consultations. Subsequently, the research group finalized the questionnaire on early frailty risk factors following enterostomy in the elderly.

Effective management of frailty relies on the prevention of various risk factors. The results of the univariate analysis revealed that the risk factors for elderly enterostomy patients include age, educational background, marital status, self-reported health status, monthly family income, ostomy complications, sleep quality, anxiety levels, social support, presence of acute and chronic diseases, intraoperative chemotherapy, and employment status. Previous literature has highlighted a scarcity of studies focusing on the risk factors associated with enterostomy frailty. For instance, Chen et al. (11) developed a risk prediction model for stroke patients, identifying risk factors such as living alone, age, physical activity, smoking habits, diabetes, hypertension, sleep disturbances, history of falls, and daily living abilities. The results of age, acute and chronic diseases, and sleep quality are consistent with previous findings. A longitudinal health life survey (CLHLS) was conducted to develop a risk prediction model for frailty in elderly individuals across 23 provinces in China (21). The risk prediction factors, including age, family income, social support, and marital status, align with the results of this study. This may be attributed to differences in the study population and varying risk factors. The analysis using XG Boost and SVM models revealed that quality of life emerges as the primary risk factor for frailty. The findings suggest that a lower quality of life is associated with higher levels of frailty, corroborating previous research by CROCKERT (22). Elderly patients with frail ostomy tend to have lower quality of life, emphasizing the importance of early postoperative evaluation, timely screening, and interventions to prevent and manage frailty, thereby enhancing overall quality of life. Furthermore, the XG Boost model analysis identified sleep quality as a secondary risk factor for frailty. The review did not find any reported risk factors related to frailty, but researchers explored the relationship between frailty and sleep quality (23). The results indicate that elderly patients with frailty experience poorer sleep quality, which may serve as a precursor to significant emergency stimuli. The formation of a stoma can have a profound impact on the physiological, psychological, and social aspects of patients, leading to sleep disorders. Poor sleep quality is often associated with anxiety, depression, fatigue, gait instability, decreased activity levels, and increased frailty.

In this study, Support Vector Machine (SVM), Bayes, XG Boost, and Logistic Regression were employed to develop a predictive model for early and postoperative weakness in elderly colorectal cancer patients. The XG Boost model outperformed the other models in terms of area under the curve, specificity, Matthews Correlation Coefficient (MCC), and F1 score. Additionally, the XG Boost model exhibited higher sensitivity and calibration, making it the most effective model (24). XG Boost is a Boosting integrated learning machine algorithm capable of addressing both classification and regression problems.

The combination of multiple weak learners can lead to a strong learner. XG Boost is a powerful method for estimating AGB, effectively mitigating model overfitting and enhancing prediction accuracy. The risk factors, ranked from high to low, include quality of life, sleep, monthly family income, marital status, anxiety, self-perceived health status, highest education level, social support, age, current acute and chronic diseases, stoma complications, intraoperative chemotherapy, and work status. When assessing the results, AUC is considered the primary indicator (25). The AUC values for the four models are as follows: SVM 0.818, Bayes 0.878, XG Boost 0.968, and Logistic regression 0.863, indicating that XG Boost > Bayes ≈ Logistic regression > SVM. Some researchers emphasize that calibration is crucial in evaluating model performance, as it reflects the accuracy of risk estimation (26). All four models showed a calibration degree much <0.25, suggesting that they all provide reliable predicted outcomes. The study demonstrates that XGBoost outperforms other models in providing doctors with accurate risk assessment results. This enables doctors to tailor personalized treatment plans and care plans based on the patient's risk assessment, ultimately enhancing treatment outcomes and improving patients' quality of life.



Conclusion

In conclusion, this study applied SVM, Bayes, XG Boost and Logistic to build the risk prediction model for elderly colorectal cancer patients. By analyzing the performance of MCC, F1, AUC and Brier scores, this study shows that the XG Boost algorithm was optimal, Bayes is similar to the traditional Logistic regression algorithm, and the SVM algorithm was the worst. This study also provides relevant indicators of early frailty predictors and risk factors after elderly enterostomy, which can help clinical nurses to conduct more accurate assessment, guide the prevention and treatment of frailty, and improve the quality of life of patients. However, the sample size of this study was small with only 362 cases, and external validation of the model can be conducted by further expanding the sample size in the future.



Limitation

This study acknowledges certain limitations: although 362 patients were included, the sample size may not fully capture the overall risk of frailty in older bowel stoma patients; the comparison of four prediction models without exploring all possible algorithms may overlook models with greater prediction accuracy. To address these limitations, future research should focus on expanding sample size, enhancing data diversity, testing additional machine learning algorithms, fine-tuning model parameters, improving prediction accuracy, increasing model interpretability, and validating performance on multiple external datasets.
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Two or more diseases 1(1.30%) 31(10.90%)

Family monthly income <2,000 0(0.00%) 7 (2.50%) 113.015 <0.001
2,000-2,999 8(10.30%) 116 (40.80%)
3,000-3,999 17 (21.80%) 129 (45.40%)
4,000-4,999 31(39.70%) 23 (8.10%)
5,000-5,999 20 (25.60%) 8 (2.80%)
>7,000 2(2.60%) 1 (0.40%)

Mode of payment Self-paid 6(7.70%) 10 (3.50%) 4764 0.092
Residents’ medical insurance 68 (87.20%) 268 (94.40%)
Commercial insurance 4(5.10%) 6(2.10%)

Expenditure pressure No 39 (50.00%) 145 (51.10%) 0.027 0.869
Yes 39 (50.00%) 139 (48.90%)

Stoma complications No 72 (92.30%) 189 (66.50%) 20.184 <0.001
Yes 6(7.70%) 95 (33.50%)

Care giver Family members 61(78.20%) 224 (78.90%) 0.016 0.898
House maid 17 (21.80%) 60 (21.10%)

Activity times Never 6(7.70%) 13 (4.60%) 5.769 0123
1-3 times per day 36 (46.20%) 142 (50.00%)
4-6 times per day 33 (42.30%) 127 (44.70%)
>6 times per day 3 (3.80%) 2 (0.70%)

Type of stoma Tleum 36 (46.20%) 148 (52.10%) 0.869 0.351
Colon 42 (53.80%) 136 (47.90%)

Intraoperative chemotherapy | No 75 (96.20%) 235 (82.70%) 8.942 0.003
Yes 3(3.80%) 49 (17.30%)

Sleeping 9(7,10) 12 (10, 13) —8.232 <0.001

Life of quality 6(5,6) 5(5,5) —9.913 <0.001

Anxiety 43 (38.75, 46) 48 (45, 50) —9.747 <0.001

Social support 27(23,32) 26 (22,29.75) —2375 0.018
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