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Background: Postoperative malnutrition is a prevalent complication following
esophageal cancer surgery, significantly impairing clinical recovery and long-
term prognosis. This study aimed to develop and validate predictive models
using machine learning algorithms and a nomogram to estimate the risk of
malnutrition at 1 month after esophagectomy.

Methods: A total of 1,693 patients who underwent curative esophageal cancer
surgery were analyzed, with 1,251 patients allocated to the development cohort
and 442 to the validation cohort. Feature selection was performed via the least
absolute shrinkage and selection operator (LASSO) algorithm. Eight machine
learning models were constructed and evaluated, alongside a nomogram
developed through multivariable logistic regression.

Results: The incidence of postoperative malnutrition was 45.4% (568/1,251) in
the development cohort and 50.7% (224/442) in the validation cohort. Among
machine learning models, the Random Forest (RF) model demonstrated optimal
performance, achieving area under the receiver operating characteristic curve
(AUC) values of 0.820 (95% Cl: 0.796-0.845) and 0.805 (95% Cl: 0.771-0.839)
in the development and validation cohorts, respectively. The nomogram
incorporated five clinically interpretable predictors: female gender, advanced
age, low preoperative body mass index (BMI), neoadjuvant therapy history,
and preoperative sarcopenia. It showed comparable discriminative ability,
with AUCs of 0.801 (95% CI: 0.775-0.826) and 0.795 (95% Cl: 0.764-0.828)
in the respective cohorts (p > 0.05 vs. RF). Calibration curves revealed strong
agreement between predicted and observed outcomes, while decision curve
analysis (DCA) confirmed substantial clinical utility across risk thresholds.

Conclusion: Both machine learning and the nomogram provide accurate
tools for predicting postoperative malnutrition risk in esophageal cancer
patients. While RF showed marginally higher predictive performance, the
nomogram offers superior clinical interpretability, making it a practical option
for individualized risk stratification.
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1 Introduction

Esophageal cancer is the seventh most common malignancy
globally and the sixth leading cause of cancer deaths (1, 2). Curative
resection, which involves tumor removal and lymph node dissection,
remains pivotal for improving survival (3). However, these procedures
disrupt gastrointestinal anatomy and function, leading to dysphagia,
early satiety, and postprandial dumping syndrome, all of which
contribute to early postoperative malnutrition (incidence: 44.0-
75.7%) (4-8).

Malnutrition in cancer patients is not just a comorbidity but a
potentially life-threatening condition. Studies indicate that 10-20% of
cancer patients die from malnutrition-related complications rather
than the cancer itself (9). After esophagectomy, malnutrition worsens
metabolic dysfunction, increases infection risk, prolongs hospital
stays, and raises 30-day mortality (8, 10-12). Moreover, malnourished
patients have reduced tolerance to adjuvant therapies (e.g.,
chemotherapy, immunotherapy), further decreasing survival rates and
quality of life (13-17).

Current guidelines recommend early enteral nutrition to reduce
postoperative malnutrition risk; however, choosing the best delivery
method remains clinically challenging (18, 19). Nasojejunal feeding,
a minimally invasive method, is usually limited to short-term use
(4-6 weeks) due to risks such as tube displacement and aspiration
pneumonia (20). In contrast, surgical jejunostomy allows long-term
nutritional support but can cause complications like bowel obstruction
(21-23). This highlights the need for preoperative malnutrition risk
stratification: high-risk patients benefit from prophylactic jejunostomy
during esophagectomy, whereas low-risk patients can safely use
temporary nasojejunal feeding.

Although predictive models for malnutrition exist in gastric and
colorectal cancer cohorts (24-26), no validated tools are available for
esophageal cancer’s unique challenges. Moreover, existing studies
frequently lack standardized diagnostic criteria. To address this gap,
our study is the first to apply the Global Leadership Initiative on
Malnutrition (GLIM) criteria—a robust, consensus-based diagnostic
system—to assess postoperative malnutrition (27, 28). We aimed to
develop and validate accurate predictive models to improve
preoperative risk stratification, providing clinicians with interpretable
tools for personalized nutritional interventions based on individual
risk profiles.

2 Methods
2.1 Study population and data collection

The development cohort included 1,251 esophageal cancer
patients treated at Fujian Cancer Hospital, with data retrospectively
analyzed from a prospective database spanning September 2021-
January 2025. For external validation, an independent cohort of 442
patients was established from the First Affiliated Hospital of Fujian
Medical University, covering March 2022-January 2025. Extracted
variables

encompassed baseline characteristics, preoperative
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laboratory values, intraoperative parameters, oncological profiles, and
postoperative outcomes.

Inclusion Criteria: patients were eligible for inclusion if they (1)
had histologically confirmed esophageal cancer; (2) underwent radical
esophagectomy; (3) were aged >18 years.

Exclusion Criteria: patients were excluded if they (1) required
emergency surgery (e.g., obstruction, bleeding); (2) died within
30 days postoperatively; (3) had communication barriers (e.g.,
language barriers, severe cognitive impairment); (4) lacked complete
hospitalization or 1-month follow-up data. The study flowchart is
presented in Figure 1.

2.2 Definition

At our institution, esophageal cancer patients routinely undergo
follow-up appointments 1 month after surgery. The GLIM criteria
were employed to diagnose malnutrition during these follow-ups,
with assessments conducted by trained research assistants or nurses.
This method is recognized for its reliability in evaluating the
nutritional status of cancer patients (29-31). The GLIM criteria
involve a two-step diagnostic process: initial screening using the
Nutritional Risk Screening 2002 (NRS-2002) tool to identify at-risk
individuals (scores >3 indicating malnutrition risk) (32), followed by
confirmation and severity assessment based on phenotypic and
etiological criteria. Specifically, malnutrition diagnosis requires at least
one phenotypic criterion (e.g., weight loss, low BMI, or reduced
muscle mass) and one etiological criterion (e.g., decreased food
intake/assimilation, inflammation, or disease burden) (33, 34). Given
the chronic inflammatory nature of esophageal cancer, all patients in
this study were considered to meet the etiological criteria related to
disease burden and inflammation.

According to the diagnostic criteria established by the Asian
Working Group for Sarcopenia (AWGS), sarcopenia is characterized
by the presence of low skeletal muscle mass combined with decreased
muscle strength and/or impaired physical performance (35). In this
study, preoperative computed tomography (CT) images at the third
lumbar vertebra (L3) level were analyzed using SliceOmatic software
(v5.0, TomoVision) to quantify skeletal muscle area (SMA, cm?
Supplementary Figure 1). The skeletal muscle index (SMI, cm?/m?)
was subsequently calculated by normalizing SMA to height squared.
Sex-specific thresholds for low SMI were applied based on AWGS
recommendations: 34.9 cm*/m? for females and 40.8 cm*/m? for males
(36). Muscle strength assessment was performed using standardized
handgrip dynamometry, with diagnostic cutoffs defined as <28 kg for
males and <18 kg for females (35).

Smoking status was categorized into current smokers and
non-smokers (including former and never smokers) (37). Drinking
was defined as consuming at least one alcoholic drink per week (38).
Postoperative complications were evaluated using the Clavien-Dindo
classification, with major complications defined as those of grade IITa
or higher (39). Chronic pulmonary diseases, as considered in this
study, encompass conditions like chronic obstructive pulmonary
disease (COPD), asthma, restrictive lung disease, and obstructive
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FIGURE 1
Flowchart depicting patient allocation in both the development and validation cohorts.

sleep apnea (40). Cerebrovascular diseases encompassed intracerebral
hemorrhage, ischemic stroke, and transient ischemic attack (TTA)
(41). Ischemic heart disease was defined as impaired blood flow to the
myocardium, encompassing acute myocardial infarction, stable
angina, and chronic ischemic heart disease, potentially leading to
heart failure (42).

2.3 Statistical analysis

Data conforming to a normal distribution were presented as mean
+ standard deviation (SD) and analyzed using an independent-
samples f-test. Non-normally distributed data were expressed as
medians (first quartile [Q1] and third quartile [Q3]) and analyzed
using the Wilcoxon rank-sum test. Categorical variables were
described using frequencies and percentages, and compared using the
Chi-square test or Fisher’s exact test, as appropriate. Feature selection
was performed using the least absolute shrinkage and selection
operator (LASSO) logistic regression method. Eight machine learning
algorithms were employed for model development: Random Forest
(RF), K-Nearest Neighbors (KNN), Gaussian Naive Bayes (GNB),
Partial Least Squares (PLS), Neural Network (NN), TreeBagger (TB),
Extreme Gradient Boosting (XGBoost), and Support Vector Machine
(SVM). The SHapley Additive exPlanations (SHAP) framework was
applied to interpret feature contributions in the top-performing
model. Multivariate logistic regression analysis of LASSO-identified
predictors facilitated the identification of independent risk factors for
malnutrition. A dynamic nomogram was then developed based on
these independent risk factors. Model discrimination was assessed by
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calculating the area under the curve (AUC) of the receiver operating
characteristic (ROC) curve, while calibration was evaluated using
calibration plots along with the Hosmer-Lemeshow (H-L) test.
Decision curve analysis (DCA) was utilized to estimate the model’s
clinical utility. Statistical significance was established at a two-tailed P
of <0.05.

3 Results
3.1 Patient characteristics

Among the 1,693 patients who underwent esophageal cancer
surgery, 46.8% (792/1,693) developed postoperative malnutrition. The
incidence of malnutrition was 45.4% (568/1,251) in the development
cohort and 50.7% (224/442) in the validation cohort. Comparative
analysis of baseline characteristics revealed no significant differences
between the two cohorts, except for education level and hypertension
(Supplementary Table 1), indicating comparability across most
examined parameters.

3.2 Machine learning model construction

In the development cohort, the LASSO regression, optimized via
10-fold cross-validation (4 = 0.019), identified eight predictors of
postoperative malnutrition: female sex, age, preoperative body mass
index (BMI) < 18.5 kg/m? ASA score III-1V, drinking, diabetes
mellitus, neoadjuvant therapy, and preoperative sarcopenia (Figure 2).
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FIGURE 2

showing eight optimal predictors identified at the selected log(A) value.

Feature selection via the LASSO regression model. (A) Selection of the optimal penalty parameter (1) using 10-fold cross-validation based on the
minimum criterion. The vertical black line indicates the optimal 4 = 0.019, balancing model complexity and accuracy. (B) LASSO coefficient profiles

This method minimizes overfitting while prioritizing variables with
robust clinical relevance.

Based on these selected variables, eight machine learning models
were constructed and evaluated: RE, KNN, GNB, PLS, NN, TB,
XGBoost, and SVM. Comprehensive model performance was
evaluated using sensitivity, specificity, accuracy, positive predictive
value (PPV), negative predictive value (NPV), precision, recall,
F1-score, Youden’s index, and AUC.

The RF model demonstrated optimal overall performance in
both development and validation cohorts. In the development
cohort, RF achieved the highest scores in discriminative ability
(AUC = 0.820, 95% CI: 0.796-0.845), accuracy (0.766), NPV (0.733),
Youden’s index (0.505), and Fl-score (0.702). In the validation
cohort, RF maintained superiority in specificity (0.724), accuracy
(0.735), PPV (0.665), precision (0.665), Youden’s index (0.475),
F1-score (0.706), achieving an AUC of 0.805 (95% CI: 0.771-0.839)
(Figure 3 and Supplementary Figures 2, 3). The RF model
demonstrated excellent calibration accuracy in both cohorts
(Figure 4), with DCA further validating its clinical utility. Superior
net benefits were observed across threshold probabilities of 15-100%
(development) and 13-92% (validation) (Figure 5), highlighting its
advantages over alternative strategies within clinically relevant
risk ranges.

3.3 Model interpretability

The out-of-bag (OOB) error rate decreased with increasing
numbers of decision trees and stabilized after 300 trees, indicating
optimal  performance of the random forest model
(Supplementary Figure 4). To quantify variable contributions to
postoperative malnutrition risk, the SHAP framework was applied. As
shown in the SHAP summary plot (Figure 6), the top predictors of

postoperative malnutrition, ranked by mean absolute SHAP values,
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were: neoadjuvant therapy (SHAP value: 0.24), preoperative BMI
(0.23), age (0.18), female sex (0.15), and preoperative sarcopenia (0.12).

3.4 Construction of the nomogram in the
development cohort

To enhance clinical utility, continuous variables were
dichotomized based on optimal cutoff values determined by ROC
analysis. The optimal cutoff for age was 60 years, with an AUC of 0.662
(95% CI: 0.632-0.693), as detailed in Supplementary Figure 5.
Subsequent multivariate logistic regression analysis identified female
sex, age > 60 years, BMI < 18.5 kg/m’, neoadjuvant therapy, and
preoperative sarcopenia. The statistical significance and effect sizes of
these predictors are illustrated in Figure 7.

Based on these independent predictors, a nomogram was
developed to estimate the likelihood of postoperative malnutrition
(Figure 8). To further improve clinical applicability, an interactive
online version of the nomogram was created (Figure 9) and is publicly
available at: https://lzmdoc123456789.shinyapps.io/pomnt/.

3.5 Validation of the nomogram

The nomogram demonstrated robust predictive accuracy for
postoperative malnutrition, with AUC values of 0.801 (95% CI: 0.775-
0.826) in the development cohort and 0.795 (95% CI: 0.764-0.828) in
the validation cohort (Figure 10). Notably, no statistically significant
difference in AUC was observed between the nomogram and the
top-performing machine learning model, RF (Table 1).

It demonstrated good calibration in both cohorts, with calibration
curves showing close agreement between predicted and observed
probabilities (Figure 11). The H-L test results were non-significant
(development: y* = 6.99, p = 0.635; validation: y* = 7.18, p = 0.620).
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DCA confirmed clinical utility, showing superior net benefits across
threshold probabilities of 6-94% (development) and 8-95%
(validation) compared to “treat all” or “treat none” strategies (Figure 12
and Supplementary Figure 6).

4 Discussion
4.1 Epidemiological context
In contemporary clinical practice, advancements in multimodal

therapeutic approaches and surgical techniques have significantly
improved survival outcomes for esophageal cancer patients,
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particularly those eligible for curative interventions (43, 44). As the
survival rate for patients increases, it becomes essential to focus on
factors beyond just cancer-related outcomes in their long-term care,
particularly the importance of maintaining good nutritional status.
However, the prevalence of malnutrition varies significantly across
studies due to differences in diagnostic criteria and follow-up
duration. For instance, Schandl et al. (45) prospectively analyzed
351 esophagectomy patients and reported that 35.6% (125/351)
experienced significant postoperative weight loss. In contrast,
Martin et al. (46) observed a consistently high proportion of
patients facing malnutrition risk: 77% prior to treatment, 71% at
2 months post-treatment, 85% at 4 months, and 72% at 6 months.
Lidoriki et al. (47) found that patients undergoing esophagectomy
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experienced the most significant postoperative weight loss, with a
mean reduction of 16.2 + 9.6% at 6 months. Notably, our findings
provide enhanced validity through rigorous application of GLIM
criteria and a large multicenter cohort (n=1,693), ensuring
standardized diagnosis and generalizability of the observed 46.8%
malnutrition incidence.
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4.2 Predictive models

Given the high prevalence and profound clinical consequences of

postoperative malnutrition in esophageal cancer patients, early

identification of high-risk individuals and optimized nutritional

support are critical for preserving lean body mass and metabolic
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Nomogram for the individualized prediction of malnutrition after esophageal cancer surgery.
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TABLE 1 Comparison of AUC values between the RF model and
nomogram.

Model Type AUC (95% ClI) P
Development cohort 0.231
RF 0.820 (95% CI: 0.796-0.845)
Nomogram 0.801 (95% CI: 0.775-0.826)
Validation cohort 0.080
RF 0.805 (95% CI: 0.771-0.839)
Nomogram 0.795 (95% CI: 0.761-0.830)

reserve (48-50). The nomogram, as a visual predictive tool, translates
complex regression models into intuitive graphical interfaces,
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significantly enhancing clinical accessibility compared to traditional
scoring systems (51). This study developed and validated a robust
nomogram  demonstrating  strong  discriminative  ability
(AUC = 0.795-0.801) and calibration in both internal and external
cohorts. DCA confirmed its clinical utility across threshold
probabilities of 6-95%, supporting its role in guiding interventions
like prophylactic feeding jejunostomy for high-risk patients.

To advance predictive performance, we explored machine
learning algorithms capable of capturing complex variable
interactions. Among eight ML models, the RF demonstrated optimal
performance (AUC = 0.805-0.820). Notably, The RF model showed
marginally higher discriminative ability than the nomogram, though
no significant difference was observed. Although machine learning
models may offer slight accuracy gains, their “black-box” nature and
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computational demands limit real-world implementation, particularly
in resource-limited settings (52). Our findings highlight that the
nomogram’s balance of accuracy, interpretability, and simplicity better
aligns with clinical pragmatism.

4.3 Key risk factors

Our findings identified female sex as an independent predictor of
postoperative malnutrition. Compared to males, females generally
exhibit a higher proportion of adipose tissue and lower skeletal muscle
mass. Following surgery, the increased demand for nutrients—
particularly protein, required for tissue repair and muscle
preservation—may disproportionately affect females, as reduced
skeletal muscle mass limits metabolic reserves and adaptive capacity,
thereby heightening the risk of malnutrition (24, 53). Furthermore,
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female patients often face heightened psychological stressors, such as
anxiety and depression, as well as socioeconomic challenges including
caregiving responsibilities and financial constraints. These factors may
compromise dietary adherence and exacerbate nutritional deficits,
potentially establishing a bidirectional pathway that contributes to the
progression of malnutrition (54, 55).

Advanced age was significantly associated with malnutrition risk,
likely due to multifactorial physiological and social determinants. Key
contributors include age-related sarcopenia, which diminishes muscle
mass and metabolic reserve, and polypharmacy that may interfere
with nutrient absorption or appetite regulation. Chronic comorbidities
such as diabetes or cardiovascular diseases further exacerbate
metabolic dysregulation and dietary restrictions (56). Reduced
mobility and functional decline limit access to nutrient-dense foods,
while diminished gustatory and olfactory senses lower food enjoyment
and intake (57). Prolonged postoperative recovery in elderly patients
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often necessitates increased protein and caloric demands, yet
diminished gastrointestinal efficiency and psychological stressors
(e.g., depression, social isolation) create barriers to meeting these
needs (58, 59). These intersecting factors highlight the importance of
tailored nutritional interventions and comprehensive geriatric
assessments in  mitigating malnutrition risk in older
surgical populations.

According to the Malnutrition Universal Screening Tool (MUST)
and the European Society of Clinical Nutrition and Metabolism
(ESPEN) Malnutrition Diagnostic Criteria, a BMI of less than 18.5 kg/
m? is recognized as indicative of malnutrition (60, 61). This threshold
is also consistent with the underweight definition provided by the
World Health Organization (WHO) and is one of the indicators in the
GLIM criteria (31, 62). Therefore, we used 18.5 kg/m? as the cutoff for
BMI in our study. Preoperative low BMI was identified as an
independent risk factor for postoperative malnutrition in our study,
consistent with findings from previous studies (24, 25). As a type of
upper gastrointestinal malignancy, esophageal cancer directly impacts
food intake. The majority of esophageal cancer cases are diagnosed at
an advanced stage, characterized by progressive dysphagia and
significant weight loss as the predominant symptomatic
manifestations. The intrinsic characteristics of esophageal cancer
predispose patients to a higher likelihood of experiencing preoperative
low BMI (5, 7). Surgical interventions, especially major operations like
esophagectomy, significantly stress the body and elevate the
requirements for energy and protein. A low BMI preoperatively
indicates insufficient nutritional reserves, making it difficult for these
patients to meet the increased demands for energy and nutrients
following surgery.

The efficacy of preoperative oncological treatments (e.g.,
chemotherapy or chemoradiotherapy) in esophageal cancer
management is well-established (63, 64). However, our study revealed
a strong association between neoadjuvant therapy and postoperative
malnutrition. This correlation may be attributed to treatment-related
toxicities, including radiation-induced pneumonitis, esophagitis,
dysphagia, esophageal strictures, and reduced physical activity, all of
which can directly impair nutritional intake or exacerbate catabolic
states (65). Prolonged inflammation from chemoradiotherapy may
further disrupt energy metabolism by upregulating pro-inflammatory
cytokines (e.g., TNF-a, IL-6), accelerating muscle proteolysis and
adipose tissue breakdown (66). Additionally, chemotherapy-induced
gastrointestinal mucositis and alterations in gut microbiota
composition can compromise nutrient absorption and utilization (67,
68). These physiological insults are compounded by treatment-related
anorexia and taste alterations, which diminish dietary adherence and
caloric intake.

Preoperative sarcopenia was identified as an independent risk
factor for postoperative malnutrition in this study. Patients with
sarcopenia exhibit significantly reduced skeletal muscle mass and
diminished protein reserves, rendering them vulnerable to accelerated
protein catabolism under postoperative traumatic stress. Furthermore,
the chronic systemic inflammatory status associated with sarcopenia is
exacerbated by surgical trauma, leading to enhanced muscle proteolysis
and protein depletion. Additionally, compromised physical endurance
in sarcopenic patients restricts early postoperative ambulation, which
may adversely affect appetite regulation, gastrointestinal function, and
subsequent nutritional intake. This functional decline creates a cyclical
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relationship, where reduced mobility further accelerates muscle loss
and impairs metabolic homeostasis (69-71).

4.4 Limitations

Nonetheless, this study is subject to certain limitations. Firstly, the
development and validation cohorts were independently conducted at
separate single-center institutions within the same city. Hence, the
applicability of our findings may not be generalizable, particularly for
patients in Western countries, due to variations in factors such as tumor
histology and the location of the primary tumor (72). Secondly, the
study did not account for various clinical aspects such as socioeconomic
status, dietary patterns, eating behaviors, and psychological well-being.
Thirdly, we only used the GLIM criteria to assess malnutrition and did
not compare the results with other assessment tools such as the
Subjective Global Assessment (SGA). Finally, nutritional status was
evaluated 1 month post-surgery without any subsequent follow-up.

5 Conclusion

This study presents a dual approach to predict postoperative
malnutrition in esophageal cancer patients: a high-accuracy RF model
and a clinically interpretable nomogram. While the RF model offers
marginally superior predictive performance, the nomogram prioritizes
usability through visual risk stratification, making it ideal for
integration into clinical workflows (e.g., preoperative counseling) and
electronic health records (EHRs). By embedding these tools into
routine practice, clinicians can proactively tailor nutritional
interventions—such as prophylactic jejunostomy placement for high-
risk patients or transient nasojejunal feeding for low-risk individuals—
while enhancing patient-clinician communication through intuitive
risk visualization.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary material, further inquiries can be directed
to the corresponding authors.

Ethics statement

This study was approved by the Ethical Review Committees of the
participating hospitals. The patients/participants provided their
written informed consent to participate in this study. The studies were
conducted in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study. Written informed consent was
obtained from the individual(s) for the publication of any potentially
identifiable images or data included in this article.

frontiersin.org


https://doi.org/10.3389/fnut.2025.1606470
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Linetal.

Author contributions

ZL: Writing - original draft, Data curation, Investigation. HH:
Writing - review & editing, Data curation, Investigation, Funding
acquisition. MY: Conceptualization, Investigation, Data curation,
Writing - review & editing. XC: Data curation, Methodology,
Investigation, Writing — review & editing. HC: Writing - review &
editing, Investigation, Data curation. JK: Writing - review & editing,
Investigation.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This work was supported
by the Startup Fund for scientific research, Fujian Medical University
(2022QH1158); Natural Science Foundation of Fujian Province
(2024J011094, 2024J011083); Fujian Cancer Hospital Project
(2024YNO1); Sponsored by Fujian Provincial Health Technology
Project (2024QNA055).

Acknowledgments

We deeply appreciate the invaluable support provided by the
Department of Thoracic Oncology Surgery.

References

1. Li H, Yang X, Zhang A, Liang G, Sun Y, Zhang J. Age-period-cohort analysis of
incidence, mortality and disability-adjusted life years of esophageal cancer in global,
regional and national regions from 1990 to 2019. BMC Public Health. (2024) 24:212. doi:
10.1186/s12889-024-17706-8

2. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global
Cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA Cancer ] Clin. (2021) 71:209-49. doi: 10.3322/caac.21660

3. Clements HA, Underwood TJ, Petty RD. Total neoadjuvant therapy in oesophageal
and gastro-oesophageal junctional adenocarcinoma. Br ] Cancer. (2024) 130:9-18. doi:
10.1038/s41416-023-02458-w

4. Okada G, Matsumoto Y, Habu D, Matsuda Y, Lee S, Osugi H. Relationship between
GLIM criteria and disease-specific symptoms and its impact on 5-year survival of
esophageal cancer patients. Clin Nutr. (2021) 40:5072-8. doi: 10.1016/j.cInu.2021.08.008

5. Wang P, Chen X, Liu Q, Liu X, Li Y. Good performance of the global leadership
initiative on malnutrition criteria for diagnosing and classifying malnutrition in people
with esophageal cancer undergoing esophagectomy. Nutrition. (2021) 91-92:111420. doi:
10.1016/j.nut.2021.111420

6. Finze A, Vijgen GH, Betzler J, Orth V, Hetjens S, Reissfelder C, et al. Malnutrition
and vitamin deficiencies after surgery for esophageal and gastric cancer: a metanalysis.
Clin Nutr ESPEN. (2024) 60:348-55. doi: 10.1016/j.cInesp.2024.02.021

7. CaoJ, Xu H, Li W, Guo Z, Lin Y, Shi Y, et al. Nutritional assessment and risk factors
associated to malnutrition in patients with esophageal cancer. Curr Probl Cancer. (2021)
45:100638. doi: 10.1016/j.currproblcancer.2020.100638

8. Salas S, Cottet V, Dossus L, Fassier P, Ginhac ], Latino-Martel P, et al. Nutritional
factors during and after Cancer: impacts on survival and quality of life. Nutrients. (2022)
14:2958. doi: 10.3390/nu14142958

9. Muscaritoli M, Arends J, Bachmann P, Baracos V, Barthelemy N, Bertz H, et al.
ESPEN practical guideline: Clinical Nutrition in cancer. Clin Nutr. (2021) 40:2898-913.
doi: 10.1016/j.clnu.2021.02.005

10. Kubo Y, Tanaka K, Yamasaki M, Yamashita K, Makino T, Saito T, et al. Influences
of the Charlson comorbidity index and nutrition status on prognosis after esophageal
Cancer surgery. Ann Surg Oncol. (2021) 28:7173-82. doi: 10.1245/s10434-021-09779-1

Frontiers in Nutrition

11

10.3389/fnut.2025.1606470

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The authors declare that no Gen Al was used in the creation of
this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fnut.2025.1606470/
full#supplementary-material

11. Impact of malnutrition on early outcomes after cancer surgery: an international,
multicentre, prospective cohort study. Lancet Glob Health. (2023) 11:e341-9. doi:
10.1016/52214-109X(22)00550-2

12. Zhang X, Edwards BJ. Malnutrition in older adults with Cancer. Curr Oncol Rep.
(2019) 21:80. doi: 10.1007/s11912-019-0829-8

13. Lovey J, Molnar A, Banky B. Long-term nutrition in patients candidate to
neoadjuvant and adjuvant treatments. Eur ] Surg Oncol. (2024) 50:106850. doi:
10.1016/j.ejs0.2023.02.007

14. Alvaro Sanz E, Abilés J, Garrido Siles M, Pérez Ruiz E, Alcaide Garcia J, Rueda
Dominguez A. Impact of weight loss on cancer patients' quality of life at the beginning
of the chemotherapy. Support Care Cancer. (2021) 29:627-34. doi:
10.1007/500520-020-05496-9

15. Gouez M, Delrieu L, Bouleuc C, Girard N, Raynard B, Marchal T. Association
between nutritional status and treatment response and survival in patients treated with
immunotherapy for lung Cancer: a retrospective French study. Cancers. (2022) 14:3439.
doi: 10.3390/cancers14143439

16. Choi YC, Chan PC, Cheung KA, Huang JJ, Wong KA, Doescher J, et al. Impact of
weight loss on treatment interruption and unplanned hospital admission in head and
neck cancer patients undergoing curative (chemo)-radiotherapy in Hong Kong. Support
Care Cancer. (2023) 31:487. doi: 10.1007/500520-023-07952-8

17.LiN, Xue D, Men K, Li L, Yang J, Jiang H, et al. Influence of malnutrition according
to the glim criteria on the chemotherapy toxicities in patients with advanced lung cancer.
Support Care Cancer. (2024) 32:358. doi: 10.1007/s00520-024-08556-6

18. Mei LX, Liang GB, Dai L, Wang YY, Chen MW, Mo JX. Early versus the traditional
start of oral intake following esophagectomy for esophageal cancer: a systematic review
and meta-analysis.  Support Care  Cancer. (2022) 30:3473-83. doi:
10.1007/500520-022-06813-0

19. Na KJ, Kang CH, Kim YR, Kang MJ, Song EH, Jang EJ, et al. Comparison of clinical
outcomes and postoperative nutritional status between early and late Oral feeding after
Esophagectomy: an open labeled randomized controlled trial. Ann Surg. (2025)
281:388-94. doi: 10.1097/SLA.0000000000006441

20. Kanie Y, Okamura A, Fujihara A, Matsuo H, Maruyama S, Sakamoto K, et al.
Long-term insufficiency of Oral intake after Esophagectomy: who needs intense

frontiersin.org


https://doi.org/10.3389/fnut.2025.1606470
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fnut.2025.1606470/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnut.2025.1606470/full#supplementary-material
https://doi.org/10.1186/s12889-024-17706-8
https://doi.org/10.3322/caac.21660
https://doi.org/10.1038/s41416-023-02458-w
https://doi.org/10.1016/j.clnu.2021.08.008
https://doi.org/10.1016/j.nut.2021.111420
https://doi.org/10.1016/j.clnesp.2024.02.021
https://doi.org/10.1016/j.currproblcancer.2020.100638
https://doi.org/10.3390/nu14142958
https://doi.org/10.1016/j.clnu.2021.02.005
https://doi.org/10.1245/s10434-021-09779-1
https://doi.org/10.1016/S2214-109X(22)00550-2
https://doi.org/10.1007/s11912-019-0829-8
https://doi.org/10.1016/j.ejso.2023.02.007
https://doi.org/10.1007/s00520-020-05496-9
https://doi.org/10.3390/cancers14143439
https://doi.org/10.1007/s00520-023-07952-8
https://doi.org/10.1007/s00520-024-08556-6
https://doi.org/10.1007/s00520-022-06813-0
https://doi.org/10.1097/SLA.0000000000006441

Linetal.

nutritional support after Esophagectomy. Ann Nutr Metab. (2022) 78:106-13. doi:
10.1159/000521893

21. Hamai Y, Hihara J, Emi M, Ibuki Y, Kurokawa T, Yoshikawa T, et al. Prospective
randomized trial of early postoperative enteral and Total parenteral nutrition for treating
esophageal Cancer. Anticancer Res. (2021) 41:6237-46. doi: 10.21873/anticanres.15444

22.Li HN, Chen Y, Dai L, Wang YY, Chen MW, Mei LX. A Meta-analysis of
Jejunostomy versus Nasoenteral tube for enteral nutrition following Esophagectomy. J
Surg Res. (2021) 264:553-61. doi: 10.1016/j.js5.2021.02.027

23. Omori A, Tsunoda S, Nishigori T, Hisamori S, Hoshino N, Tkeda A, et al. Clinical
benefits of routine feeding Jejunostomy tube placement in patients undergoing
Esophagectomy. ] Gastrointest Surg. (2022) 26:733-41. doi: 10.1007/s11605-022-05265-5

24. Park JH, Kim E, Seol EM, Kong SH, Park DJ, Yang HK, et al. Prediction model for
screening patients at risk of malnutrition after gastric Cancer surgery. Ann Surg Oncol.
(2021) 28:4471-81. doi: 10.1245/s10434-020-09559-3

25. Tang J, Wong G, Naffouje S, Felder S, Sanchez J, Dineen S, et al. A novel nomogram
for early identification and intervention in colorectal Cancer patients at risk for
malnutrition. Am Surg. (2023) 89:1485-96. doi: 10.1177/00031348211058620

26.Yu W, Xu H, Chen F, Shou H, Chen Y, Jia Y, et al. Development and validation of
a radiomics-based nomogram for the prediction of postoperative malnutrition in stage
IB1-IIA2  cervical carcinoma. Front Nutr. (2023) 10:1113588. doi:
10.3389/fnut.2023.1113588

27.Xu], Jie Y, Sun Y, Gong D, Fan Y. Association of Global Leadership Initiative on
malnutrition with survival outcomes in patients with cancer: a systematic review and
meta-analysis. Clin Nutr. (2022) 41:1874-80. doi: 10.1016/j.cInu.2022.07.007

28. Barazzoni R, Jensen GL, Correia M, Gonzalez MC, Higashiguchi T, Shi HP, et al.
Guidance for assessment of the muscle mass phenotypic criterion for the global
leadership initiative on malnutrition (GLIM) diagnosis of malnutrition. Clin Nutr.
(2022) 41:1425-33. doi: 10.1016/j.clnu.2022.02.001

29.Yin L, Cheng N, Chen P, Zhang M, Li N, Lin X, et al. Association of Malnutrition,
as defined by the PG-SGA, ESPEN 2015, and GLIM criteria, with complications in
esophageal Cancer patients after Esophagectomy. Front Nutr. (2021) 8:632546. doi:
10.3389/fnut.2021.632546

30. Lidoriki I, Frountzas M, Mela E, Papaconstantinou D, Vailas M, Sotiropoulou M,
et al. The prognostic role of GLIM criteria in postoperative outcomes after upper
gastrointestinal Cancer surgery: a meta-analysis of observational studies. Nutr Cancer.
(2023) 75:640-51. doi: 10.1080/01635581.2022.2146144

31. Matsui R, Rifu K, Watanabe J, Inaki N, Fukunaga T. Impact of malnutrition as
defined by the GLIM criteria on treatment outcomes in patients with cancer: a
systematic review and meta-analysis. Clin  Nutr. (2023) 42:615-24. doi:
10.1016/j.cInu.2023.02.019

32. Cortes R, Yanez AM, Capitén—Moyano L, Millan-Pons A, Bennasar-Veny M.
Evaluation of different screening tools for detection of malnutrition in hospitalised
patients. J Clin Nurs. (2024) 33:4759-71. doi: 10.1111/jocn.17170

33.Sharma T, Gupta A, Chauhan R, Bhat AA, Nisar S, Hashem §, et al. Cross-talk
between the microbiome and chronic inflammation in esophageal cancer: potential
driver of oncogenesis. Cancer Metastasis Rev. (2022) 41:281-99. doi:
10.1007/s10555-022-10026-6

34. Wang HK, Wei Q, Yang YL, Lu TY, Yan Y, Wang F Clinical usefulness of the
lymphocyte-to-monocyte ratio and aggregate index of systemic inflammation in patients
with esophageal cancer: a retrospective cohort study. Cancer Cell Int. (2023) 23:13. doi:
10.1186/512935-023-02856-3

35. Chen LK, Woo J, Assantachai P, Auyeung TW, Chou MY, Iijjima K, et al. Asian
working Group for Sarcopenia: 2019 consensus update on sarcopenia diagnosis and
treatment. ] Am Med Dir Assoc. (2020) 21:300-7.e2. doi: 10.1016/j.jamda.2019.12.012

36.Li X, Ding P, Wu J, Wu H, Yang P, Guo H, et al. Preoperative sarcopenia and
postoperative accelerated muscle loss negatively impact survival after resection of locally
advanced gastric cancer. BMC Cancer. (2025) 25:269. doi: 10.1186/s12885-025-13674-3

37.Luo T, Tseng TS. Diet quality as assessed by the healthy eating index-2020 among
different smoking status: an analysis of national health and nutrition examination survey
(NHANES) data from 2005 to 2018. BMC Public Health. (2024) 24:1212. doi:
10.1186/s12889-024-18630-7

38. Basten M, Pan KY, van Tuijl LA, de Graeff A, Dekker J, Hoogendoorn AW, et al.
Psychosocial factors, health behaviors and risk of cancer incidence: testing interaction
and effect modification in an individual participant data meta-analysis. Int ] Cancer.
(2024) 154:1745-59. doi: 10.1002/ijc.34852

39.Rong Y, Hao Y, Xue J, Li X, Li Q, Wang L, et al. Comparison of complications and
long-term survival after minimally invasive esophagectomy versus open esophagectomy
in patients with esophageal cancer and chronic obstructive pulmonary disease. Front
Oncol. (2022) 12:934950. doi: 10.3389/fonc.2022.934950

40. Sanchez-Ramirez DC. Impact of pulmonary rehabilitation Services in Patients
with different lung diseases. J Clin Med. (2022) 11:407. doi: 10.3390/jcm11020407

41. Rothrock JF, Diener HC. Headache secondary to cerebrovascular disease.
Cephalalgia. (2021) 41:479-92. doi: 10.1177/0333102421999045

42. Kumar V, Bishayee K, Park S, Lee U, Kim J. Oxidative stress in cerebrovascular
disease and associated diseases. Front Endocrinol. (2023) 14:1124419. doi:
10.3389/fend0.2023.1124419

Frontiers in Nutrition

12

10.3389/fnut.2025.1606470

43. Sugawara K, Oka D, Hara H, Yoshii T, Ushijima H, Kudo S, et al. Survival outcomes
of esophageal cancer patients with recurrence after curative treatments. BMC Cancer.
(2023) 23:1051. doi: 10.1186/512885-023-11568-w

44. Sun YX, Zhu TY, Wang GJ, Gao BL, Li RX, Wang JT. Thoracolaparoscopic radical
esophagectomy for esophageal cancer based on the mesoesophageal theory. Sci Rep.
(2023) 13:8760. doi: 10.1038/s41598-023-35513-w

45. Schandl A, Kauppila JH, Anandavadivelan P, Johar A, Lagergren P. Predicting the
risk of weight loss after esophageal Cancer surgery. Ann Surg Oncol. (2019) 26:2385-91.
doi: 10.1245/510434-019-07352-5

46. Martin L, Findlay M, Bauer JD, Dhaliwal R, De Van Der Schueren M, Laviano A,
et al. A multi-site, international audit of malnutrition risk and energy and protein
intakes in patients undergoing treatment for head neck and esophageal Cancer: results
from INFORM. Nutrients. (2022) 14:5272. doi: 10.3390/nu14245272

47. Lidoriki I, Schizas D, Mylonas KS, Vergadis C, Karydakis L, Alexandrou A, et al.
Postoperative changes in nutritional and functional status of gastroesophageal Cancer
patients. ] Am Nutr Assoc. (2022) 41:301-9. doi: 10.1080/07315724.2021.1880986

48. Kamada T, Ohdaira H, Takeuchi H, Takahashi J, Marukuchi R, Ito E, et al. Vertical
distance from navel as a risk factor for bowel obstruction associated with feeding
jejunostomy after esophagectomy: a retrospective cohort study. BMC Gastroenterol.
(2020) 20:354. doi: 10.1186/s12876-020-01506-6

49.Nakai T, Kitadani J, Ojima T, Hayata K, Katsuda M, Goda T, et al. Feeding
jejunostomy following esophagectomy may increase the occurrence of postoperative
small bowel obstruction. Medicine. (2022) 101:30746. doi:
10.1097/MD.0000000000030746

50. Lee Y, Lu JY, Malhan R, Shargall Y, Finley C, Hanna W, et al. Effect of routine
jejunostomy tube insertion in esophagectomy: a systematic review and meta-analysis. ]
Thorac Cardiovasc Surg. (2022) 164:422-32.e17. doi: 10.1016/j.jtcvs.2021.12.050

51. Wang X, Lu J, Song Z, Zhou Y, Liu T, Zhang D. From past to future: bibliometric
analysis of global research productivity on nomogram (2000-2021). Front Public Health.
(2022) 10:997713. doi: 10.3389/fpubh.2022.997713

52. Varlamova EV, Butakova MA, Semyonova VV, Soldatov SA, Poltavskiy AV, Kit OI,
et al. Machine learning meets Cancer. Cancers. (2024) 16:1100. doi:
10.3390/cancers16061100

53. Gebremedhin TK, Cherie A, Tolera BD, Atinafu BT, Demelew TM. Prevalence and
risk factors of malnutrition among adult cancer patients receiving chemotherapy
treatment in cancer center, Ethiopia: cross-sectional study. Heliyon. (2021) 7:€07362. doi:
10.1016/j.heliyon.2021.e07362

54. Wang X, Ma X, Yang M, Wang Y, Xie Y, Hou W, et al. Proportion and related
factors of depression and anxiety for inpatients with lung cancer in China: a hospital-
based cross-sectional study. Support Care Cancer. (2022) 30:5539-49. doi:
10.1007/500520-022-06961-3

55. Boehmer U, Jesdale BM, Streed CG Jr, Agénor M. Intersectionality and cancer
survivorship: sexual orientation and racial/ethnic differences in physical and mental
health outcomes among female and male cancer survivors. Cancer. (2022) 128:284-91.
doi: 10.1002/cncr.33915

56. Sucuoglu Isleyen Z, Besiroglu M, Yasin AL Simsek M, Topcu A, Smith L, et al. The
risk of malnutrition and its clinical implications in older patients with cancer. Aging Clin
Exp Res. (2023) 35:2675-83. doi: 10.1007/s40520-023-02538-0

57.D'Almeida CA, Peres W, de Pinho NB, Martucci RB, Rodrigues VD, Ramalho A.
Prevalence of malnutrition in older hospitalized cancer patients: a multicenter and
multiregional ~ study. J Nutr Health Aging. (2020) 24:166-71. doi:
10.1007/s12603-020-1309-4

58. Mohammed HO, Hassan AM, Mostafa A, Khater MS, Aboelfotoh A, Abd Elaziz
KM. Geriatric nutritional risk index and adverse medical outcomes among Egyptian
patients admitted to a geriatric hospital: a prospective cohort study. BMC Geriatr. (2024)
24:62. doi: 10.1186/s12877-024-04671-5

59. Byun M, Kim E, Kim J. Physical and mental health factors associated with poor
nutrition in elderly Cancer survivors: insights from a Nationwide survey. Int ] Environ
Res Public Health. (2021) 18:9313. doi: 10.3390/ijerph18179313

60. Cederholm T, Bosaeus I, Barazzoni R, Bauer J, Van Gossum A, Klek S, et al.
Diagnostic criteria for malnutrition — an ESPEN consensus statement. Clin Nutr. (2015)
34:335-40. doi: 10.1016/j.cInu.2015.03.001

61. Molfino A, Imbimbo G, Laviano A. Current screening methods for the risk or
presence of malnutrition in Cancer patients. Cancer Manag Res. (2022) 14:561-7. doi:
10.2147/CMAR.S294105

62. Appropriate body-mass index for Asian populations and its implications for policy
and intervention strategies. Lancet. (2004) 363:157-63. doi:
10.1016/S0140-6736(03)15268-3

63. Wang Z, Shao C, Wang Y, Duan H, Pan M, Zhao J, et al. Efficacy and safety of
neoadjuvant immunotherapy in surgically resectable esophageal cancer: a systematic
review and meta-analysis. Int ] Surg. (2022) 104:106767. doi: 10.1016/j.ijsu.2022.106767

64. Yang Z, Guan F, Bronk L, Zhao L. Multi-omics approaches for biomarker discovery
in predicting the response of esophageal cancer to neoadjuvant therapy: a
multidimensional —perspective. Pharmacol ~Ther. (2024) 254:108591. doi:
10.1016/j.pharmthera.2024.108591

frontiersin.org


https://doi.org/10.3389/fnut.2025.1606470
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1159/000521893
https://doi.org/10.21873/anticanres.15444
https://doi.org/10.1016/j.jss.2021.02.027
https://doi.org/10.1007/s11605-022-05265-5
https://doi.org/10.1245/s10434-020-09559-3
https://doi.org/10.1177/00031348211058620
https://doi.org/10.3389/fnut.2023.1113588
https://doi.org/10.1016/j.clnu.2022.07.007
https://doi.org/10.1016/j.clnu.2022.02.001
https://doi.org/10.3389/fnut.2021.632546
https://doi.org/10.1080/01635581.2022.2146144
https://doi.org/10.1016/j.clnu.2023.02.019
https://doi.org/10.1111/jocn.17170
https://doi.org/10.1007/s10555-022-10026-6
https://doi.org/10.1186/s12935-023-02856-3
https://doi.org/10.1016/j.jamda.2019.12.012
https://doi.org/10.1186/s12885-025-13674-3
https://doi.org/10.1186/s12889-024-18630-7
https://doi.org/10.1002/ijc.34852
https://doi.org/10.3389/fonc.2022.934950
https://doi.org/10.3390/jcm11020407
https://doi.org/10.1177/0333102421999045
https://doi.org/10.3389/fendo.2023.1124419
https://doi.org/10.1186/s12885-023-11568-w
https://doi.org/10.1038/s41598-023-35513-w
https://doi.org/10.1245/s10434-019-07352-5
https://doi.org/10.3390/nu14245272
https://doi.org/10.1080/07315724.2021.1880986
https://doi.org/10.1186/s12876-020-01506-6
https://doi.org/10.1097/MD.0000000000030746
https://doi.org/10.1016/j.jtcvs.2021.12.050
https://doi.org/10.3389/fpubh.2022.997713
https://doi.org/10.3390/cancers16061100
https://doi.org/10.1016/j.heliyon.2021.e07362
https://doi.org/10.1007/s00520-022-06961-3
https://doi.org/10.1002/cncr.33915
https://doi.org/10.1007/s40520-023-02538-0
https://doi.org/10.1007/s12603-020-1309-4
https://doi.org/10.1186/s12877-024-04671-5
https://doi.org/10.3390/ijerph18179313
https://doi.org/10.1016/j.clnu.2015.03.001
https://doi.org/10.2147/CMAR.S294105
https://doi.org/10.1016/S0140-6736(03)15268-3
https://doi.org/10.1016/j.ijsu.2022.106767
https://doi.org/10.1016/j.pharmthera.2024.108591

Linetal.

65. Dogan Akagiindiiz D, Tiirker PE. Nutritional support in older patients with
esophageal Cancer undergoing Chemoradiotherapy. Nutr Cancer. (2022) 74:3634-9. doi:
10.1080/01635581.2022.2096245

66. Xiao X, Fang PH, Zhou JE Li XK, Shang QX, Yang YS, et al. Impact of skeletal muscle
loss and sarcopenia on outcomes of locally advanced esophageal Cancer during neoadjuvant
Chemoradiation. Ann Surg Oncol. (2024) 31:3819-29. doi: 10.1245/510434-024-14936-3

67. Wang B, Jiang X, Tian D, Geng W. Enteral nutritional support in patients
undergoing chemoradiotherapy for esophageal carcinoma. Future Oncol. (2020)
16:2949-57. doi: 10.2217/fon-2020-0181

68. Kimura Y, Gakuhara A, Fukuda S, Fukuda Y, Yoshihara T, Koga C, et al. Nutritional
management during chemotherapy and chemoradiotherapy for advanced esophageal
cancer. Esophagus. (2025). doi: 10.1007/s10388-025-01117-8

69. Jogiat UM, Sasewich H, Turner SR, Baracos V, Eurich DT, Filafilo H, et al.
Sarcopenia determined by skeletal muscle index predicts overall survival, disease-free

Frontiers in Nutrition

13

10.3389/fnut.2025.1606470

survival, and postoperative complications in resectable esophageal cancer: a systematic
review and meta-analysis. Ann  Surg. (2022) 276:e311-311e318. doi:
10.1097/SLA.0000000000005452

70. Zhao WY, Zhang Y, Hou LS, Xia X, Ge ML, Liu XL, et al. The association between
systemic inflammatory markers and sarcopenia: results from the West China health and
aging trend study (WCHAT). Arch Gerontol Geriatr. (2021) 92:104262. doi:
10.1016/j.archger.2020.104262

71. Borges TC, Gomes T, Pimentel GD. Sarcopenia as a predictor of nutritional status
and comorbidities in hospitalized patients with cancer: a cross-sectional study. Nutrition.
(2020) 73:110703. doi: 10.1016/j.nut.2019.110703

72.Lin MQ, Li YP, Wu SG, Sun JY, Lin HX, Zhang SY, et al. Differences in esophageal

cancer characteristics and survival between Chinese and Caucasian patients in the SEER
database. Onco Targets Ther. (2016) 9:6435-44. doi: 10.2147/OTT.S112038

frontiersin.org


https://doi.org/10.3389/fnut.2025.1606470
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.1080/01635581.2022.2096245
https://doi.org/10.1245/s10434-024-14936-3
https://doi.org/10.2217/fon-2020-0181
https://doi.org/10.1007/s10388-025-01117-8
https://doi.org/10.1097/SLA.0000000000005452
https://doi.org/10.1016/j.archger.2020.104262
https://doi.org/10.1016/j.nut.2019.110703
https://doi.org/10.2147/OTT.S112038

	Machine learning and the nomogram as the accurate tools for predicting postoperative malnutrition risk in esophageal cancer patients
	1 Introduction
	2 Methods
	2.1 Study population and data collection
	2.2 Definition
	2.3 Statistical analysis

	3 Results
	3.1 Patient characteristics
	3.2 Machine learning model construction
	3.3 Model interpretability
	3.4 Construction of the nomogram in the development cohort
	3.5 Validation of the nomogram

	4 Discussion
	4.1 Epidemiological context
	4.2 Predictive models
	4.3 Key risk factors
	4.4 Limitations

	5 Conclusion

	References

