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Development and validation of a radiomics-based nomogram for the prediction of postoperative malnutrition in stage IB1-IIA2 cervical carcinoma
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Objective: In individuals with stage IB1-IIA2 cervical cancer (CC) who received postoperative radiotherapy ± chemotherapy (PORT/CRT), the interaction between sarcopenia and malnutrition remains elusive, let alone employing a nomogram model based on radiomic features of psoas extracted at the level of the third lumbar vertebra (L3). This study was set to develop a radiomics-based nomogram model to predict malnutrition as per the Patient-Generated Subjective Global Assessment (PG-SGA) for individuals with CC.

Methods: In total, 120 individuals with CC underwent computed tomography (CT) scans before PORT/CRT. The radiomic features of psoas at L3 were obtained from non-enhanced CT images. Identification of the optimal features and construction of the rad-score formula were conducted utilizing the least absolute shrinkage and selection operator (LASSO) logistic regression to predict malnutrition in the training dataset (radiomic model). Identification of the major clinical factors in the clinical model was performed by means of binary logistic regression analysis. The radiomics-based nomogram was further developed by integrating radiomic signatures and clinical risk factors (combined model). The receiver operating characteristic (ROC) curves and decision curves analysis (DCA) were employed for the evaluation and comparison of the three models in terms of their predictive performance.

Results: Twelve radiomic features in total were chosen, and the rad-score was determined with the help of the non-zero coefficient from LASSO regression. Multivariate analysis revealed that besides rad-score, age and Eastern Cooperative Oncology Group performance status could independently predict malnutrition. As per the data of this analysis, a nomogram prediction model was constructed. The area under the ROC curves (AUC) values of the radiomic and clinical models were 0.778 and 0.847 for the training and 0.776 and 0.776 for the validation sets, respectively. An increase in the AUC was observed up to 0.972 and 0.805 in the training and validation sets, respectively, in the combined model. DCA also confirmed the clinical benefit of the combined model.

Conclusion: This radiomics-based nomogram model depicted potential for use as a marker for predicting malnutrition in stage IB1-IIA2 CC patients who underwent PORT/CRT and required further investigation with a large sample size.
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Introduction

Cervical cancer (CC) remains an important health problem worldwide that is responsible for more than 600,000 new cases and 342,000 cancer-associated deaths based on the statistics of the GLOBOCAN 2020 study (1). For individuals diagnosed with International Federation of Gynecology and Obstetrics (FIGO, 2014 version) stage IB1-IIA2 CC, radical hysterectomy with lymph node dissection is the optimal therapeutic option (2). The pathological findings after surgery indicate that patients having intermediate-risk factors (such as deep stromal invasion, enlarged tumor size, or lymphatic vascular space involvement) or high-risk factors (such as positive surgical margins, lymph node metastasis, and parametrial invasion) for recurrence are recommended to receive adjuvant pelvic radiotherapy (RT) and/or platinum (cisplatin or carboplatin)-based chemoradiotherapy (CRT) to reduce the risk of tumor recurrence (3). However, around 30% of individuals with CC will still eventually develop tumor relapse, necessitating the investigation of better supportive care to improve therapeutic tolerance and reduce adverse responses in these patients (4).

Meanwhile, sarcopenia, or loss of skeletal muscle, is one of the most prevalent symptoms of malnutrition (5), and has been frequently reported as a negative factor in cancer patients at any disease stage (6, 7). In a meta-analysis, Li et al. reported that about half of the females having cancer had sarcopenia, which was significantly worse for Asian patients (8). Among the indices representing sarcopenia, the psoas parameter at the third lumbar vertebra (L3) was considered a valid indicator for identifying skeletal muscle depletion and malnutrition (9–11). In individuals with advanced lung cancer, retrospective research explored that alterations in the L3 skeletal muscle index (SMI) were consistent with the scores investigated via the Patient-Generated Subjective Global Assessment (PG-SGA) (12). This instrument has been considered useful for detecting malnutrition in individuals with cancer and validated on different levels (13–15). However, there are still concerns associated with patients failing to respond well to PG-SGA. In a recent surgery, Balstad and his co-authors found that an overwhelming majority of patients could complete the PG-SGA Short Form instrument properly. Though, participant- and questionnaire-linked sources of misinterpretation were still detected in some of the patients, which could lead to unfavorable results and could severely impact clinical decision-making (16, 17).

Typically, the gold standard determining skeletal muscle mass is acquired from a computed tomography (CT) scan (18) and benefits from the progress of radiomic within image processing. This study was designed to predict postoperative malnutrition assessed by means of PG-SGA with radiomic features retrieved at the psoas of L3 in individuals with FIGO stage IB1-IIA2 CC.



Patients, materials, and methods


Patients

Between July 2020 and June 2022, 120 patients with CC were retrospectively reviewed at the cancer center of Zhejiang Provincial People’s Hospital (ZJPPH). The eligible patients complied with the following criteria were included: (I) they underwent pelvic lymphadenectomy and radical hysterectomy and pathological diagnosis of CC; (II) they had stage IB1-IIA2 CC based on the 2014 FIGO staging system; (III) they received PORT/CRT within 1 week after admission at the ZJPPH; IV) they had Eastern Cooperative Oncology Group performance status (ECOG PS) 0–2 with no evidence of severe organ dysfunction. The exclusion criteria are mentioned below: (I) they received any anti-neoplastic treatments prior to surgery; (II) they had other malignant tumors that were contraindicated for RT; (III) poor image quality or visible artifacts around the L3 psoas. The patients’ body mass index (BMI, kg/m2) was adopted based on the Chinese cohort cut-off values for the identification of overweight and obesity (< 24 vs. ≥ 24) (19). The ZJPPH institutional review committee granted its approval for this study (ZJPPH No. 2022-191), and informed consent was not required.



Treatment work-up and nutritional assessment

After surgery, patients were recommended to undergo adjuvant pelvic RT/CRT based on their pathological risk factors (3). The patients were immobilized in an immobilization device prior to PORT, and a scheduled abdomen–pelvis CT scan was routinely conducted to plan RT. The GE Discovery CT590 RT scanner was used to obtain CT scans. The main parameters are mentioned below: CT tube voltage and current were 120 kV and 250–400 mA, respectively. The thickness and spacing of the layer were both 5 mm. To eliminate any bias caused by iodinated contrast agents, non-enhanced CT images were used to derive the radiomic features.

The trained nutrition support team used the Chinese version of PG-SGA in the ward to investigate the nutritional status of the patients included in this study prior to PORT/CRT. During this research, the study subjects were classified into two groups based on previous studies (20, 21): the well-nourished group containing individuals with a PG-SGA score between 1 and 3 and the malnourished group containing individuals with a PG-SGA score ≥ 4.



Texture feature extraction and selection

The 3D-Slicer software (v4.11, Stable Release) was used to process the non-enhanced CT images and delineate the left and right L3 psoas [volume of interest (VOI)]. This was carried out independently by one radiation oncologist (TS). Any voxel with an attenuation of < −30 or > 100 Hounsfield units was eliminated to prevent adjacent fat, bone, and surrounding organs (Supplementary Figure S1) (22).

Extraction of radiomic features was done using Pyradiomics (v3.6.2) package. In addition, 1,874 original features in total were extracted. For every VOI, 107 original, 465 Laplacian of Gaussian filter, 744 wavelet, 93 Square, 93 SquareRoot, 93 Logarithm, 93 Exponential, 93 Gradient, and 93 LocalBinaryPattern2D features were collected (Supplementary Table S1). Prior reports have mathematically defined these radiomic features (23), and these definitions can be explored at: https://pyradiomics.readthedocs.io/en/latest/features.html. After extraction, all radiomic features were subjected to further processing to conduct dimension reduction. Standardization and normalization of the features were done by means of the Z-score method before feature dimension reduction, thus removing unit limits from the data of every feature (24). In this study, the least absolute shrinkage and selection operator (LASSO) regression was employed to discover the most crucial features for predicting malnutrition to balance between over-fitting and under-fitting among variables (25).

The intra-observer and inter-observer agreements for feature extraction were determined with the help of the intra-class correlation coefficient (ICC) by comparing imaging data of 30 randomly selected L3 psoas from the study group (26). For the purpose of computing the intra-observer ICC, the extracted data between the two independent reader ones (TS) were compared. A second reader (HX) extraction was compared with the extraction of TS to determine the inter-observer ICC. Only the features having ICC values of ≥ 0.85 were chosen to conduct more investigations, while the rest of the segmentations were implemented by TS.



Development of the radiomics-based nomogram

A 7:3 ratio was used to randomly classify all eligible patients into training and validation sets. Within the training set, 15% of data was applied for inter-verification. LASSO logistic regression algorithm, with penalty parameter tuning carried out by 10-fold cross-validation, was utilized to evaluate the most significant features with non-zero coefficients to predict malnutrition (PG-SGA 1–3 vs. PG-SGA ≥ 4) in the training cohort. For each patient, the radiomic feature score (rad-score) was further calculated on the basis of the LASSO binary regression model in the training cohort. The LASSO regression is formulated below:
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where X1, X2 … Xn are the different radiomic features demonstrated by the LASSO, and β0 represented the intercept in the regression model. β1, β2 … βn are the regression coefficients of the corresponding features determined in the LASSO. This score was computed individually for every patient from both sets (27).

Steps for constructing the nomogram-based predictive model have been detailed in a previous study conducted by us (28). The clinical factors identified with a p-value of ≤ 0.05 in the univariate analysis combined with the rad-score value were incorporated into the multivariate analysis using a logistic binary regression model with a backward model selection procedure. p < 0.05 indicated a statistically significant level in the model. A nomogram model that incorporated the independent clinical parameters was constructed using the multivariate analysis, and the rad-score was generated for clinical reference in the training dataset.

The predictive performances of these models (radiomics, clinical, and combined models) were further evaluated both in the training and validation cohorts using the receiver operating characteristic (ROC) curves and decision curve analyses (DCAs). Calibration curves and concordance index (C-index) were utilized for the assessment of the agreement between the malnutrition probabilities predicted by the nomogram and the actual outcomes. The methods for performing univariate and multivariate binary logistic regression and comparing the area under the ROC curves (AUCs) using Delong’s test have been detailed in previous studies (29, 30).



Statistical analysis

Python programming language (v3.7.0) was used for radiomic feature extraction and data dimension reduction. Missing data (< 5%) were processed using mean substitution (31). Further statistical analysis procedures were carried out with the help of the R software v3.6.21 with the ‘readr, “glmnet, “nomogramFormula, “pROC, “rms, “corrplot’ and ‘rmda’ packages and the SPSS 21 (SPSS, Armonk, New York, NY, United States). Two-tailed p < 0.05 was considered statistically significant.




Results


Patients’ clinical characteristics

This study enrolled 120 individuals with FIGO stage IB1-IIA2 CC who underwent PORT/CRT. Clinical features of subjects in the training set (n = 84) and validation set (n = 36) are enlisted in Table 1. At the time of diagnosis, the median age was 54 years (interquartile range, 47–62 years), and a total of 47 (39.2%) individuals were diagnosed with malnutrition (PG-SGA score ≥ 4) with 32 (38.1%) subjects in the training and 15 (41.7%) in the validation datasets. The distribution of the baseline features across these two cohorts showed no remarkable variations.



TABLE 1 Baseline characteristics of 120 patients with FIGO stage IB1-IIA2 CC who underwent postoperative RT/CRT.
[image: Table1]



Radiomic feature selection

The intra-observer ICC measured according to two extractions of reader one ranged between 0.875 and 0.932. The inter-observer agreement among two readers (TS and HX) varied from 0.837 to 0.904. Favorable intra- and inter-observer feature extraction agreements were observed in the findings.

In the training cohort, the student’s t-test, Levene’s test, and the LASSO logistic regression analysis extracted 12 significant radiomic features with non-zero coefficients (Figures 1A,B). Further, the calculation of the rad-score was done as the sum of each feature multiplied by the non-zero coefficient from LASSO: Rad-score = −0.56187734 + 0.20554658 × wavelet.HHL_gldm_DependenceVariance +0.12534366 × log.sigma.3.0.mm.3D_glszm_LowGrayLevelZoneEmphasis + 0.09748077 × squareroot_glszm_SizeZoneNonUniformityNormalized + 0.07989539 × wavelet.HHL_glcm_Correlation + 0.07266724 × wavelet.LLL_firstorder_Skewness + 0.06345188 × log.sigma.1.0.mm.3D_glrlm_RunVariance + 0.04571352 × wavelet.HLL_gldm_SmallDependenceLowGrayLevelEmphasis + −0.09841612 × log.sigma.5.0.mm.3D_glszm_GrayLevelNonUniformity + −0.1104947 × log.sigma.2.0.mm.3D_glszm_SmallAreaEmphasis + −0.13105806 × log.sigma.3.0.mm.3D_glszm_SizeZoneNonUniformityNormalized + −0.18466055 × original_glcm_MCC + −0.29915486 × log.sigma.1.0.mm.3D_glszm_GrayLevelVariance (Figure 1C).
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FIGURE 1
 Radiomic features selection using the LASSO logistic regression model. (A) LASSO coefficient profiles of the 157 radiomics features. The coefficients (y-axis) were plotted against log (lambda), and the radiomics signature was constructed utilizing the selected 12 radiomic features with non-zero coefficients; (B). Plotting the partial likelihood deviance against log (lambda). The upper and lower x-axis indicate the average number of predictors and the log (lambda), respectively. The y-axis denotes the partial likelihood of deviance. Utilizing the minimum criteria and one standard error of the minimum criteria, vertical lines (dotted) were created at the optimal values. The minimum criteria-based 10-fold cross-validation was utilized for the selection of the tuning parameter (λ) in the LASSO model; (C). Feature importance analysis based on LASSO regression).




Construction and performance of a rad-score-based nomogram

Univariate and multivariate binary logistic regression analyses were performed for the identification of predictive variables for malnutrition in the training set. Multivariate logistic binary regression analysis demonstrated that age [< 65 vs. ≥ 65, p = 0.042, odds ratio (OR) = 10.922] and ECOG PS (0–1 vs. 2, p = 0.008, OR = 8.672) were clinical factors significantly associated with malnutrition scored by PG-SGA (Table 2).



TABLE 2 Univariate and multivariate analyses to predict malnutrition using a binary logistic regression model.
[image: Table2]

A nomogram for predicting malnutrition that integrated two clinical parameters, as demonstrated by the logistic regression and the rad-score, was further developed (Figure 2). The rad-score was regarded as the most significant prognostic parameter for malnutrition, followed by ECOG PS, and age.

[image: Figure 2]

FIGURE 2
 A nomogram prediction model integrated the rad-score and two clinical factors to detect malnutrition. The rad-score value is represented by the number. Every variable was located on the axis, and the corresponding point was obtained by drawing a straight line upwards to the points’ axis. The summation of all the points and identification of the location on the bottom line could be utilized to determine the estimated probability of malnutrition.


The calibration plots and the C-index (0.887 for the training cohort; 0.855 for the validation cohort) revealed moderate to good agreement between the predicted and actual nutritional status between these two cohorts (Supplementary Figures S2A,B).



Performance comparison of predictive models

With the training set depicting an AUC of 0.778 [95% confidence interval (CI), 0.339–1.000] and validation set depicting 0.776 AUC (95% CI, 0.623–0.930), the radiomics model revealed a moderate to good predictive efficacy. The respective AUC values of the clinical model were 0.847 (95% CI, 0.577–1.000) in the training set and 0.776 (95% CI, 0.607–0.946) in the validation set. The respective AUC values of the combined predictive model were 0.972 (95% CI, 0.895–1.000) and 0.855 (95% CI, 0.713–0.996) for the training and validation sets. Incorporating the rad-score model into the clinical model improved prediction efficacy (Figures 3A,B). The DCAs also revealed similar results indicating that the combined prediction model yielded more net benefits for predicting malnutrition than the ‘radiomics model’ and ‘clinical model’ (Figures 4A,B). However, Delong’s tests indicated no significant differences between the models.

[image: Figure 3]

FIGURE 3
 Comparing the prediction abilities of malnutrition in the training (A) and validation (B) sets. The performance of the combined prediction model (respective AUC values of  0.972 and 0.855 in the training and validation set) was greater than the radiomics or clinical model.


[image: Figure 4]

FIGURE 4
 Decision curve analysis presenting the predictions of the radiomics, clinical, and combined models. (A) The training set; (B) the validation set. The threshold probability and net benefit are presented by x-axis and y-axis, respectively. The variance between the expected benefit and expected harm of the decision serves as a representation of the net benefit. The decision curve indicated that, in contrast to the other models, the combined model provided a higher net benefit.





Discussion

This research determined the predictive capability of a radiomics-based nomogram for malnutrition in patients with FIGO stage IB1-IIA2 CC. This nomogram incorporated two readily available clinical parameters and significant radiomic features extracted from indispensable CT scans of individuals with CC who were planning to receive PORT/CRT. The results revealed that the combined prediction model incorporating significant radiomic features and clinical factors exhibited superior prediction ability compared with the other two models, indicating a considerable significance in predicting malnutrition based on medical imaging findings.

Malnutrition, as measured by PG-SGA, was reported not only to be a predictor of the high incidence of treatment-related adverse events but to have a negative impact on patient survival. Recent prospective observational research involving 391 patients with CC assessed the PG-SGA score and its link to the incidence of RT/CRT toxicity. Over half of the patients in this cohort were diagnosed with stage I-II diseases. Malnutrition was observed in 47.6% of the total population. Multivariate analysis indicated malnutrition (PG-SGA score ≥ 4) to be an independent predictor related to grade 3–4 toxicities and toxicity-associated dose modifications (32). When comparing baseline nutritional status among 207 patients with CC in Mexico, Laura et al. observed that malnutrition was an independent parameter linked to severe gastrointestinal toxicities after treatment (OR = 3.6; 95% CI, 1.46–9.2; p < 0.001) (33). Furthermore, a prospective study revealed that CC patients with PG-SGA score ≥ 4 had a higher mortality risk [Hazard Ratio = 3.12; 95% CI, 1.23–7.86] than patients with PG-SGA score < 4 (34).

Considering the aforementioned findings, the determination of malnutrition on the basis of objective parameters is a significant clinical challenge (15). Lee et al. conducted multiple studies in this field to demonstrate the impact of skeletal muscle loss in gynecologic patients who received RT. The skeletal muscle alterations were assessed by SMI on CT images defined at the L3 spinal level in a retrospective research involving 210 patients. The authors discovered that SMI alterations were substantially related to PG-SGA score (1–3 vs. ≥ 4) at the end of RT (p < 0.001). As per the multivariate analysis, PG-SGA ≥ 4 assessed at the end of RT was revealed to be an independent factor associated with increased risk of muscle loss (p < 0.001; OR = 72.96; 95% CI, 9.45–563.18) (35). A similar result was obtained in another observational retrospective study that enrolled 133 patients with stage IB1-IIA2 CC who received adjuvant RT/RCT. The rate of muscle loss, which was determined by SMI at the L3 vertebral level, was reported to be higher in patients with PG-SGA score ≥ 4 than in patients with PG-SGA score < 4 (71.4% vs. 2.2%, p < 0.001). In addition, survival analysis indicated that patients with muscle loss were significantly associated with a lower 3-year overall survival rate than patients with retained muscle (65.6 vs. 93.9%, p < 0.001) (36). Several other studies reported similar results regarding the association and clinical significance of skeletal muscle changes, including total adipose tissue index, SMI, skeletal muscle density, and bowel RT dose-volume (37) or distant recurrence-free survival (38) in individuals with locally advanced CC who received CRT.

Nevertheless, available literature reveals that limited studies have documented sarcopenia or malnutrition based on radiomic findings and incorporating clinical factors for nutritional prediction. A previous retrospective study from Netherlands has examined the link between radiomic features and skeletal muscle loss in 116 individuals diagnosed with stage IV non-small cell lung cancer (NSCLC). Radiomic features were also derived from CT images of the L3 vertebrae. Following feature selection, 1,298 radiomic features were extracted, and 193 of them were used to build a prediction model for muscle loss. The average AUC for radiomic features to develop the prediction model with muscle loss as the result after 100 repetitions were calculated to be only 0.49 (95% CI, 0.36–0.62). The authors concluded the inability of skeletal muscle radiomics to predict sarcopenia during chemotherapy in NSCLC (39). Kim, in contrast, expressed a different viewpoint. The radiomic features were reported to be reliable predictors of sarcopenia in patients with NSCLC by means of various machine-learning algorithms (40). Compared with the present study focused on FIGO stage IB1-IIA2 CC patients, differences in cancer types and substantial heterogeneities among patients might cause the inconsistency between the prior Dutch study (39) and the present analysis. In addition, the incorporation of significant clinical factors was carried out in an attempt to improve the prediction power, as has been done in other studies. In a retrospective study employing a radiomics-based nomogram to predict lymphovascular space invasion, 149 patients with CC undergoing surgical resection were examined, and radiomics data were collected using T2-weighted imaging. The radiomics prediction model depicted considerably better performance compared to the clinical model in both training and validation datasets. The combined nomogram prediction model incorporating radiomic features and clinical parameters yielded better performance (training cohort, AUC = 0.943; validation cohort, AUC = 0.923) than other prediction models (41). Similar studies have demonstrated that radiomics-based nomogram has robust performance in predicting lymph node metastasis (42) and survival (43) in patients with CC.

Some limitations are present in this research. First, owing to the retrospective design of the research and small sample size, prospective external validation with a large sample size is required to be conducted in the future. Second, some important parameters, such as biochemical indicators, like albumin, pre-albumin, and other clinical indicators that may potentially influence the prediction of malnutrition, were not presented. The predictive ability of the combined nomogram prediction model can be further improved. Third, there was a difference in identifying skeletal muscles at the L3 vertebral level. Some investigations have also included axial cross-sections of the skeletal muscles, which included the rectus abdominis, erector spinae, and psoas. Accuracy and repeatability in this study were guaranteed by employing the population psoas at the L3 vertebral level with an ICC of ≥ 0.85. Interestingly, Naser et al. developed a deep learning-based auto-segmentation model of cervical skeletal muscle for detecting sarcopenia in head and neck cancers (44). Several excellent nutritional risk screening instruments, except PG-SGA, were also widely employed in the clinic. These tools may provide a future direction to examine the clinical potential of a nomogram prediction model that was based on radiomics. In addition, the new Global Leadership Initiative on Malnutrition (GLIM) criteria have also revealed a promising ability to detect malnutrition and warrant further investigation (45).



Conclusion

In summary, this study analyzed the radiomics features of psoas at the L3 level retrieved from planned CT scans of patients with FIGO stage IB1-IIA2 CC who received PORT/CRT. Furthermore, an effective and feasible nomogram prediction model on the basis of the rad-score and two clinical factors was constructed and verified for the prediction of malnutrition in patients with CC based on their PG-SGA scores. This combined nomogram prediction model presented a new strategy utilizing medical imaging data for more accurate and individualized malnutrition prediction in patients with CC, which might also be used for advanced CC and other types of malignancies in future studies.
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SUPPLEMENTARY FIGURE S1  
Axial (a) and coronal (b) cross-sectional regions areas of the left and right psoas (green) on CT images at the L3 vertebral level.

SUPPLEMENTARY FIGURE S2   
The calibration curves for predicting malnutrition in the (a) training set and (b) validation set, respectively. The predicted probability (from the nomogram) and the actual probability of malnutrition are represented by the x-axis and y-axis, respectively. Results were plotted via bootstrapping with 1000 resamples. Greater prediction accuracy of the model is indicated when the bias-corrected calibration curve (black line) is close to the diagonal line. The closer the line the higher the accuracy.



Footnotes

1   https://www.r-project.org/
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