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Objective: To understand the infection characteristics and risk factors for infection by analyzing multicenter clinical data of newly diagnosed multiple myeloma (NDMM) patients.

Methods: This study reviewed 564 NDMM patients from 2 large tertiary hospitals from January 2018 to December 2021, of whom 395 comprised the training set and 169 comprised the validation set. Thirty-eight variables from first admission records were collected, including patient demographic characteristics, clinical scores and characteristics, laboratory indicators, complications, and medication history, and key variables were screened using the Lasso method. Multiple machine learning algorithms were compared, and the best performing algorithm was used to build a machine learning prediction model. The model performance was evaluated using the AUC, accuracy, and Youden’s index. Finally, the SHAP package was used to assess two cases and demonstrate the application of the model.

Results: In this study, 15 important key variables were selected, namely, age, ECOG, osteolytic disruption, VCD, neutrophils, lymphocytes, monocytes, hemoglobin, platelets, albumin, creatinine, lactate dehydrogenase, affected globulin, β2 microglobulin, and preventive medicine. The predictive performance of the XGBoost model was significantly better than that of the other models (AUROC: 0.8664), and it also performed well for the expected dataset (accuracy: 68.64%).

Conclusion: A machine learning algorithm was used to establish an infection prediction model for NDMM patients that was simple, convenient, validated, and performed well in reducing the incidence of infection and improving the prognosis of patients.

KEYWORDS
infection, machine learning, multiple myeloma, prediction model, diagnosis


Background and purpose

Multiple myeloma (MM) is a malignant disease characterized by abnormal proliferation of clonal plasma cells; it accounts for 13% of hematological malignancies and is the second most common malignant tumor in the blood system. Active treatment methods for myeloma prolong the lifespan of myeloma patients, but the disease is incurable (Holmstrom et al., 2015; Valković et al., 2015). Infection is a common complication in patients with MM and is also the main cause of death. The number of deaths associated with infection in MM patients worldwide exceeds 80,000 annually, accounting for 2% of deaths from malignancies (Rajkumar, 2016). In a large UK study (Augustson et al., 2015), 45% of deaths within the first 2 months of treatment were due to infection. Infections account for 17% of all MM deaths and are a common cause of death among patients of all ages throughout the course of the disease. Therefore, it is necessary to study the infection status of patients with MM.

The mechanism of infection in patients with MM is relatively complex. In addition to the immunodeficiency caused by the disease itself (Faiman et al., 2018), in recent years, with the emergence of new treatment methods for MM, such as immunomodulators, proteasome inhibitors, monoclonal antibodies, and autologous stem cell transplantation, the survival of MM patients has improved, the risk of infection has increased, and the characteristics and spectrum of infection have changed (Tete et al., 2014; Blimark et al., 2015; Joshua et al., 2016; Park et al., 2017; Girmenia et al., 2019). In a population-controlled study in Sweden (Blimark et al., 2015), the risk of bacterial infection among patients with MM was 7 times that of the control group, and the overall risk of viral infection was 10 times higher. In terms of etiology, among 281 microbiologically defined infections (MDIs) studied by Teh et al., 152 were bacterial infections. There were 72 (47 4%), 59 (38 8%), and 21 (13 8%) infections caused by gram-negative (GN), gram-positive (GP), and multiple organisms, respectively. Escherichia coli was the most common isolate (23 7%), followed by Clostridium difficile (11 8%). In terms of infection time, previous studies have noted that infection is more common during the initial diagnosis and induction therapy (Lin et al., 2020). However, due to inconsistencies in the economic level and local epidemiology of each country, the infection situation of MM patients is also inconsistent. At present, the amount of research data related to infection in NDMM patients in China is relatively small, and the clinical data are not perfect. The use of antibiotics to prevent infection in MM patients with a high risk of infection based on a prediction model constructed with a single risk factor is controversial (Vesole et al., 2012; Drayson et al., 2019). If a prediction model for identifying patients with a high risk of infection is constructed based on complete clinical data and a large number of cases, this problem can be solved. Most of the current research on infection prediction models for patients with MM is based on traditional statistical methods. Shang et al. (2022) analyzed data from 914 patients at two centers and identified elevated ECOG scores, hemoglobin (anemia), B2 microglobulin, and GLB as factors associated with early infection and developed an IRMM model to classify patients into high-, intermediate-, and low-risk groups. A study by Dumontet et al. (2018) developed a predictive model for first TE ≥ grade 3 infection within the first 4 months of treatment in the Eastern Cooperative Oncology Group based on a multifactorial logistic regression analysis of data from 1,378 patients based on serum β2-microglobulin, lactate dehydrogenase, and hemoglobin levels to define high- and low-risk groups. Valkovic et al. collected retrospective data from 240 MM inpatients to create a numerical multiple myeloma infection risk index (MMIRI) to predict infections in myeloma patients. The results of the study showed that factors affecting the pathogenesis and incidence of infection included sex, physical status, Durie–Salmon disease stage, international staging system, serum creatinine level, immune paralysis, neutropenia, serum ferritin level, presence of any catheter, duration of disease, stable/progressive disease, and type of treatment (Valkovic et al., 2018). Nevertheless, no studies have used machine learning to build a model to predict the risk of infection in NDMM patients. Machine learning is an application of artificial intelligence that learns from data based on computational modeling. The advantage of machine learning is that it can be directly applied to individuals. For complex medical problems, such as processing and analyzing medical big data, the performance of machine learning is better than that of traditional methods. Statistical analysis is better, and performance on specific tasks improves with experience (Beam and Kohane, 2018).

This study analyzed the clinical data of 564 NDMM patients from multiple centers, revealed the characteristics of infection in MM patients, identified risk factors for infection, and used machine learning to build a model to predict the risk of infection in MM patients, which is helpful information when determining the use of antibiotics for infection prevention and treatment. The timing of other anti-infection measures and the early implementation of infection prevention strategies can reduce the incidence of infection and improve the prognosis of patients.



Materials and methods


Study subjects

The clinical data of 564 NDMM patients (349 males and 215 females) from January 2018 to December 2021 were collected through a medical record system.



Inclusion and exclusion criteria

The inclusion criteria were (1) diagnoses that met the diagnostic criteria of the National Comprehensive Cancer Network (NCCN) and the International Myeloma Working Group (IMWG) (Rajkumar et al., 2014) and (2) complete medical records. The exclusion criteria were as follows: (1) patients with non-NDMM; (2) patients with psychiatric disorders or confusion and patients who could not cooperate; (3) patients who were transferred to the hospital for other reasons during the treatment period; and (4) patients with other infectious diseases or other malignant tumors.



Study design and data collection

For all included patients, we obtained information on patient demographic characteristics (age, sex), clinical scores and characteristics (ECOG score, CVC, ureter, staging, DS, ISS, RISS), comorbidities (diabetes, tuberculosis, hepatitis, COPD, cardiovascular disease, chronic gastrointestinal disease, osteolytic destruction, extramedullary infiltration), medication history (chemotherapy regimens, infection prevention medication), and laboratory indicators [levels of neutrophils, lymphocytes, monocytes, eosinophils, basophils, hemoglobin, platelets, albumin, serum calcium, lactate dehydrogenase (LHD), affected globulin, and β2 microglobulin (β2MG)]. Patients who were already infected on admission and those with missing data were excluded.



Data collection

All variables were obtained from the electronic medical record systems of both hospitals. Data included variables such as patient demographic characteristics, clinical scores and clinical features, comorbidities, medication history, and laboratory indicators. In total, 38 variables were collected for the first admission record. The Lasso method was also used to screen out key variables. Data entry was performed by physicians or medical students who were involved in this study.



Definitions

Infections were defined as MDIs, clinically defined infections (CDIs), and fever of unknown origin.

Microbiologically defined infections were infections with a pathogen identified by microbiological testing of blood or secretion samples from any site. CDIs were observed when there was imaging evidence and clinical symptoms of infection after negative microbiological test results.



Feature selection and data transformation

Only information from the first admission to the hospital before treatment was included in the model development, and patients were divided into infected and non-infected groups according to whether they were infected or not. Data units included from different hospitals were converted and harmonized; for example, a creatinine value of 1 mg/dL equaled 88.4 μmol/L. Medication-related variables were converted into ordinal variables as follows: 1 = VCD, 2 = VRD, 3 = VCD + VRD, 4 = CD38, and 5 = other chemotherapy regimens. The key variables were selected for subsequent modeling with the LassoCV approach.

First, a variety of machine learning algorithms were used to classify the data. These algorithms included the XGBoost, logistic regression, LightGBM, random forest, AdaBoost, and GaussianNB algorithms. The resampling method was used for verification. The samples were repeated 5 times, the validation set of each resampling training accounted for 30.000% of the total sample, and the training set accounted for 70.000%. This was to ensure that the selected training samples during training of multiple models were consistent and to better compare multiple models. The individual models were evaluated using the AUC, calibration plot, accuracy, sensitivity, specificity, positive predictive value, negative predictive value, F1 score, and Kappa value.

The best algorithm was selected by multimodel comparison and then remodeled using the best algorithm. The model parameters were as follows: the objective (optimization objective function) was binary logistic regression; the learning rate was 0.1; the maximum tree depth was 3; the Minimum Bifurcation Weights Sum was 9; and the regularization lambda was 3. Unlike the method based on a multimodel comparison, when modeling with the best performing algorithm, we randomly selected 10% of the overall sample as the test set, and the remaining samples were used as the training set for 5-fold cross-validation.



Interpretation of the model

The Shapley additive explanations (SHAP) package (Python) interprets the output of a machine learning model, treating all features as “contributors,” and for each predicted sample, the model produces a predicted value. Its greatest advantage is that it can reflect the influence of the features in each sample and show the positive and negative influences. This study used the SHAP package to interpret the model. A SHAP value plot was used to show the contribution of each variable in the model. Model variable importance plots were used to show the importance rank of each variable. The force plot was used to exemplify how each variable affected the predicted outcome for each sample.



Statistical analysis

This study used Python version 3.7, and the statsmodels 0.11.1 package in Python was used to determine whether the differences in each variable were statistically significant in the two populations. The analysis method was selected according to the distribution of the samples, the homogeneity of variance and the sample size. The chi-square test was used for categorical variables, and the Mann–Whitney U test was used for quantitative variables.

In this study, LassoCV was used to screen key variables using a 5-fold cross-validation method to automatically eliminate factors with coefficients of zero (sklearn 0.22.1 package in Python). Lasso resulted in a more refined model constructed with a penalty function; thus, some regression coefficients were compressed, i.e., the sum of the absolute values of the coefficients was forced to be less than some fixed value, and some regression coefficients were set to zero. Thus, retaining the advantage of subset shrinkage, it was a biased estimator dealing with data with complex covariance. In the multimodel and best model modeling process, the xgboost 1.2.1 package in Python was used for the XGBoost algorithm, the lightgbm 3.2.1 package in Python was used for the LightGBM algorithm, and the sklearn 0.22.1 package in Python was used for the other algorithms.

The SHAP 0.39.0 package in Python was used to demonstrate the interpretability of the model.




Results

There were 564 patients in this study. During the multimodel comparison, 395 patients were included in the training set, and 169 patients were included in the validation set. Table 1 shows the baseline characteristics of the total population. The median age was 61.0 years (range 54.0–66.0). The IgG subtype (47.3%) accounted for the largest proportion of the population, followed by the IgA (25.1%), λ light chain (10.8%), κ light chain (8.7%), IgD (5.3%), double clone (1.96%), non-secretory (0.35%), and IgM (0.17%) subtypes. In the population, 249 (44.15%) patients were infected, and 315 (55.85%) patients were not infected. Among the infected patients, the lungs and upper respiratory tract were the most common infection sites in 81.1% of the patients, the urinary tract in 6.8%, and the gastrointestinal tract in 4%; a bloodstream infection and unexplained fever were observed in 1.1% of the patients. Figure 1 shows the flowchart of our research.


TABLE 1    Preoperative information.
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FIGURE 1
The workflow diagram of this study.



Variable filter

A total of 15 key factors were selected by the LassoCV method: “age,” “ECOG score,” “osteolytic destruction,” “VCD,” “neutrophil count,” “lymphocyte count,” “monocytes,” “hemoglobin,” “platelet,” “albumin,” “creatinine,” “lactate dehydrogenase,” “affected globulin,” “B2 microglobulin,” and “infection prevention medication.”



Multialgorithm model comparison

Six machine learning models were used to classify the sample data. Among the six different machine learning algorithms, XGBoost performed the best, with AUCs of 0.969 and 0.876 in the training and validation sets, respectively (Figures 2A, B). It also performed the best in the calibration curve graph (Figure 2C). Additionally, its cutoff value, accuracy, sensitivity, specificity, positive predictive value, negative predictive value, F1 score, and Kappa value in the training set were 0.452, 0.911, 0.921, 0.908, 0.888, 0.931, 0.904, and 0.820, respectively. The indices of the other machine learning algorithms are shown in Table 2 and Supplementary Table 1.


[image: image]

FIGURE 2
Comparison of 6 machine learning algorithms. (A) The ROC results of the models established by 6 machine learning algorithms in the training set. (B) The ROC results of the models established by 6 machine learning algorithms in the validation set. (C) Calibration plots of models built by 6 machine learning algorithms.



TABLE 2    Multi-model classification–training set results.
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Best algorithm model

After comparing multiple models, the XGBoost model performed the best, and we used XGBoost for modeling analysis. We randomly selected 10% of the total sample as the test set, and the remaining samples were used as the training set for 5-fold cross-validation. The AUC of the XGBoost model was 0.971 in the training set, 0.884 in the validation set, and 0.760 in the test set (Figures 3A–C). Additionally, during cross-validation, when the training samples reached 200, the AUC of the model reached as table state (Figure 3D). Supplementary Tables 2–4 show the model evaluation metrics for the training set, validation set, and test set, respectively.
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FIGURE 3
The performance of the model built by the XGBoost algorithm. (A) The ROC result of the model established by the XGBoost algorithm in the training set. (B) The ROC result of the model established by the XGBoost algorithm in the validation set. (C) Shows the results of the ROC of the model established by the XGBoost algorithm in the training set and the verification set according to the change of the sample size. (D) During cross-validation, the ROC of the training set and the validation set varies with the sample size of the training set.




Model interpretability

The SHAP plot in Figure 4A shows how each variable in the validation set contributed to predicting infection. The redder each point is, the larger the absolute value of the point, and the bluer the point is, the smaller the absolute value of the point. The larger the absolute value of the negative ordinate is, the greater the possibility of the predicted result being negative, and the greater the absolute value of the positive ordinate is, the greater the possibility of the predicted result being positive.
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FIGURE 4
Interpretation of the model. (A) SHAP plot of 15 key variables. (B) Importance ranking chart of 15 key variables. (C,D) Show patients with positive (infected) and negative (uninfected) predictions, respectively.


For example, the larger the neutrophil count is, the more likely the patient is to have an infection, and the higher the platelet count is, the less likely the patient is to have an infection. Figure 4B shows the importance ranking of each variable. Neutrophil count, ECOG score, and age were the most important variables.

Figures 4C, D show how the variables of the two samples affected the results with two force plots. As shown in Figure 4C, the model predicted a positive outcome for the patient who actually developed an infection. The longest segment in the red part in the figure was the lymphocyte count (0.4*109/L), indicating that the lymphocyte count had the largest positive contribution to the outcome of infection in this patient, and the second largest positive impact on the outcome was the platelet count (98*109/L). In Figure 4D, the model predicted a negative outcome for the patient who was actually uninfected. The two variables with the most positive effects were the platelet count (67*109/L) and VCD (0.0), and the variables with the most negative effects on the outcome were the age and monocyte count (66.0 and 0.32*109/L).




Discussion

Patients with MM have varying degrees of immunodeficiency, which increases the risk of serious infection, and this study found that infection is common among patients with MM and appears to be the main cause of initial presentation and poor prognosis. This study reviewed 564 patients with NDMM in two large tertiary hospitals from January 2018 to December 2021, analyzed the infection of NDMM patients, and provided insights into the assessment, prevention and treatment of MM patients. In all, 395 cases comprised the training set, and 169 cases comprised the validation set. Thirty-eight variables recorded on the first admission were collected, including patient demographics, clinical scores and characteristics, laboratory indicators, complications, and drug history. Key variables were screened out using the Lasso method. Multiple machine learning algorithms were compared, and the best performing algorithm was used to establish a machine learning prediction model. The AUC, accuracy, Youden’s index and other indicators were used to evaluate the model performance. Finally, the SHAP package was used to demonstrate the application of the model in two cases.

In this study, the infection rate of NDMM patients on initial admission was as high as 44.15%; 152 of the 328 MM patients in the study by Song Bin et al. had nosocomial infection, and the infection rate was 46.3%, which was similar to the results of this study. Valkovic et al. found an infection incidence of 17.9% (43/240) in their study, which was somewhat different from the results of this study. There may be a certain relationship between hospitals in China and abroad and the different modes of infection control and clinical management of MM patients; hospitals in foreign countries emphasize early detection, early diagnosis, and early treatment of MM, which may be the reason why the incidence of infection obtained in foreign studies is lower than that in China. The most common sites of infection were the lungs and upper respiratory tract, which were similar to results from previous studies (Dumontet et al., 2018; Faiman et al., 2018; Lin et al., 2020; Shang et al., 2022). These were followed by infections of the urinary tract, gastrointestinal tract, and bloodstream.

This study analyzed 564 NDMM patients at the time of initial admission and used machine learning to establish an infection prediction model that contained 15 important key variables, including age, ECOG score, osteolytic destruction, VCD, neutrophil count, lymphocyte count, monocyte count, hemoglobin, platelets, albumin, creatinine, lactate dehydrogenase, affected globulin, and B2 microglobulin. A retrospective study by Valkovic et al. analyzed the clinical data of 240 MM inpatients and found that the susceptibility factors for the development of infection in MM patients were female sex (p = 0.001), poor general condition (p < 0.001), DS stage III group B (advanced) disease duration (p = 0.007), elevated serum creatinine level (p = 0.036), neutropenia (p = 0.009), indwelling catheterization (p < 0.001), granulocytopenia (p = 0.009), and elevated serum ferritin level (p = 0.001) (Valković et al., 2015). Sørrig et al. (2019) retrospectively analyzed all infectious complications in 2,557 patients within 6 months after diagnosis of MM through the Danish registry, showing that pulmonary infections and bloodstream infections accounted for 46% of total infections and that multivariate analysis indicated that risk factors for pulmonary infections in MM patients were male sex (p = 0.001), ISS stage II (p = 0.0004) and III (p = 0.0004), and elevated lactate dehydrogenase level (p = 0.0008). The key factors included in this study have been reported in previous studies, including ECOG score, hemoglobin, B2 microglobulin, affected globulin, lactate dehydrogenase, serum creatinine, and neutropenia, and 8 other risk factors associated with the development of infection were included in this study’s prediction model, which helps to more fully predict the risk of infection among patients with newly diagnosed myeloma. In recent years, studies have found that platelets play an important role in initiating the inflammatory response and immune regulation, and at present, platelet concentrates such as platelet-rich plasma (PRP) have achieved significant clinical efficacy in the treatment of chronic wounds (Yuan et al., 2009; Miron et al., 2017). The mechanism is not only the release of growth factors after platelet activation but also the anti-infection effect of platelets, which is one of the reasons they promote wound healing. Lymphopenia has been shown to indicate the presence of immunosuppressive states (Teh et al., 2016; Ying et al., 2017), and patients with lymphopenia have an inadequate immune response and are susceptible to bacterial infections, consistent with a positive effect on lymphocyte counts in the model. Bortezomib disrupts intracellular proteasome function and NF-kB activation (Teh et al., 2015; Li and Wang, 2019), leading to selective depletion of T cells and decreased viral antigen presentation, increasing the risk of viral reactivation associated with the use of bortezomib zoster virus reactivation (up to 36%). Therefore, prophylaxis with acyclovir or valacyclovir during treatment with PI is now commonly recommended (Eisen et al., 2003; Teh et al., 2014). In addition, seven factors, including albumin, osteolytic destruction, age, and creatinine, are extremely important. When the level of albumin in the blood is low, the body’s immunity is low, and the chance of infection increases. When bone pain symptoms occur during osteolytic destruction, normal lung ventilation and lung ventilation function are affected, and pathogens easily invade the respiratory system and are stored in the lungs and difficult to eliminate. Regardless of the presence of MM, older patients are particularly susceptible to infection, with a higher morbidity and at least a three times higher mortality than younger patients (Yoshikawa, 2000; Nucci and Anaissie, 2009; Solana et al., 2012), which may be related to age-related immune dysfunction. When the patient’s creatinine is elevated and renal insufficiency occurs, the body’s immune system is easily damaged due to the accumulation of toxins in the body and acidosis. Therefore, the above factors can be included in the infection risk model.

In this study, the model was evaluated on its ability to predict infection in NDMM patients, and nine machine learning models were used to classify the data sample. XGBoost performed best among the nine different machine learning algorithms, with AUCs of 0.971 and 0.884 in the training and validation sets, respectively, and an AUC = 0.760 in the final model in the test set (Figure 3). Additionally, when cross-validation was performed, the model reached a stable state when the sample size of the training and validation sets reached 200. Thus, we developed an infection prediction model for NDMM patients with great predictive power. This was a multicenter study, which was also an advantage over other studies; rich data allow for rigorous evaluation of the performance of machine learning models. Therefore, the model established in this study can be used to predict the risk of infection among patients with NDMM, help determine the timing for the use of antimicrobials and other anti-infective measures, implement early infection prevention strategies, reduce the incidence of infection, improve patient outcomes, and reduce the economic burden on patients by reducing the length of hospital stay and reducing hospitalization costs for most patients. In addition, machine learning can be applied to the diagnosis, prognosis, and treatment options for MM.

This study has several limitations. One is that, as with other retrospective studies, some patients were excluded due to missing key data, resulting in selection bias; nevertheless, participants from multiple hospitals were assessed and indicators that were readily available for routine testing were evaluated. Second, our model can be used to predict the risk of developing infection, but the risk of a specific type of infection cannot be clearly classified; however, clinicians can decide to take appropriate precautions based on clinical experience. For example, when using bortezomib regimens, antiviral drugs such as valacyclovir can be used prophylactically to prevent herpes zoster virus activation, as bortezomib leads to selective depletion of T cells and decreased viral antigen presentation, leading to an increased risk of viral reactivation. Finally, while SHAP values were used to help explain our machine learning models, there is still a need for a more interpretable model in clinical practice (Rudin, 2019). In future work, we plan to develop automated clinical scoring systems based on nomograms or machine learning based on our data to provide clinicians with more practical and easy-to-understand tools (Xie et al., 2020).



Conclusion

In conclusion, this study found that infections are common among NDMM patients. The XGBoost machine learning algorithm was used to build an infection prediction model for NDMM patients with easy operation and good performance with an AUC of 0.884. This model can help determine the timing of the preventive use of antibiotics and other anti-infection measures and has important clinical significance for early implementation of infection prevention strategies to improve patient outcomes.
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