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Background: Globally, gastric cancer is a significant health burden. Neoadjuvant chemoimmunotherapy (NACI) has emerged as 
a promising strategy for locally advanced gastric cancer, but responses vary substantially among patients. Predicting major patholo
gical response (MPR) is crucial for treatment personalization.
Objective: To develop and validate a web-based nomogram that integrates readily available clinical and serological markers to 
predict MPR in gastric cancer patients receiving NACI.
Methods: This retrospective study analyzed 325 gastric cancer patients who underwent NACI and radical resection. A nomogram was 
constructed using R software and validated with metrics including receiver operating characteristic curve (ROC), area under curve 
(AUC), calibration curves, and decision curve analysis (DCA), compared to the use of a single biomarker.
Results: The MPR was 53.5%. Multivariate analysis identified lower stomach location (odds ratio (OR) = 2.90; 95% confidence 
interval (CI): 1.35–6.22; P = 0.006), histological differentiation grade (OR = 3.43; 95% CI: 1.77–6.63; P < 0.001), systemic 
inflammatory response index (SIRI) (OR = 2.02; 95% CI: 1.02–3.97; P = 0.043) and lactate dehydrogenase (LDH) (OR = 1.02; 
95% CI: 1.01–1.03; P < 0.001) as independent predictors of MPR. The nomogram demonstrated robust discriminative ability, with 
AUC values of 0.807 (95% CI: 0.751–0.863) and 0.799 (95% CI: 0.711–0.888) in the training and testing sets, respectively. 
Furthermore, DCA further confirmed its significant clinical utility.
Conclusion: We developed and internally validated a nomogram that accurately predicts MPR after NACI. Implemented as a user- 
friendly web-based calculator, this model enables real-time, individualized estimation of MPR probability and may assist clinicians in 
tailoring treatment strategies for patients with gastric cancer. Further external and prospective validation is warranted.
Keywords: gastric cancer, systemic inflammatory response index, lactate dehydrogenase, nomogram, major pathological response, 
web calculator

Introduction
Globally, gastric cancer ranks fifth in both incidence and mortality among malignant tumors.1 In China, the burden of 
gastric cancer is especially severe, with incidence and mortality rates remaining high, potentially due to factors such as 
later stage at diagnosis and regional disparities in access to optimal care.2 The advent of immune checkpoint inhibitors 
(ICIs) has transformed the therapeutic landscape. Combining neoadjuvant chemotherapy (NAC) with ICIs (NACI) for 
locally advanced gastric cancer shows promising efficacy.3,4 However, responses to NACI are heterogeneous, creating 
a pressing need for practical tools to identify patients most likely to benefit.
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Major pathological response (MPR) is a well-established surrogate endpoint that correlates with improved long-term 
survival after neoadjuvant therapy, making its prediction clinically valuable.5,6 For patients with a reduced probability of 
achieving MPR, the treatment strategy should be modified by immediately stopping NACI and considering surgical or 
other options instead. Current approaches to predict treatment response, including repeated histopathological 
evaluations,7–9 advanced molecular profiling,10 specialized imaging techniques,11,12 and gene expression profiling13 are 
often costly, invasive, technically complex, and not universally accessible. Furthermore, machine learning has demon
strated substantial potential in data processing. On this basis, numerous clinical models integrating machine learning 
algorithms and large-scale medical datasets have been established for practical application in clinical practice.14 While 
machine learning (ML) models offer potential, they can be “black boxes” with limited interpretability and require 
significant computational expertise, hindering their practical adoption in routine clinical practice.15 In contrast, nomo
grams provide a transparent, intuitive, and user-friendly graphical interface that quantifies individual risk by integrating 
multiple variables, making them highly suitable for point-of-care clinical decision-making.16 In recent years, researchers 
have investigated the potential of routine serological markers to predict pCR in breast cancer patients receiving NAC.17 

There is a growing recognition of the value of routine serological markers as cost-effective and minimally invasive 
proxies of the tumor microenvironment. Among these, the systemic inflammatory response index (SIRI), which 
integrates neutrophil, monocyte, and lymphocyte counts, has emerged as a robust prognostic indicator in gastric cancer, 
reflecting the critical interplay between systemic inflammation and cancer progression.18 Similarly, lactate dehydrogenase 
(LDH), a key enzyme in tumor glycolysis, serves as a valuable marker of tumor metabolic activity.19

Despite the established prognostic value of SIRI and LDH, their combined role in predicting pathological response to 
NACI has not been systematically explored. Critically, the predictive role of SIRI may be context-dependent. While prior 
research in patients receiving direct surgery or surgery combined with neoadjuvant chemotherapy without immunother
apy consistently links elevated SIRI to poorer survival, reflecting a pro-tumor inflammatory milieu,18 the immunomo
dulatory action of ICIs within NACI may fundamentally alter this relationship. Our preliminary data intriguingly suggest 
that in the unique context of NACI, a comparatively higher SIRI may, in fact, be associated with a better pathological 
response. This indicates that the biological implications of systemic inflammation may shift when immunotherapy is 
introduced, potentially signifying a more robust, pre-activated immune state poised for synergy with 
chemoimmunotherapy. The development of an integrative model that leverages these dynamic, readily available 
biomarkers is therefore critical to address a clear unmet need in clinical oncology. Although risk stratification models 
are valuable, existing approaches that rely on single conventional laboratory indicators suffer from limited predictive 
accuracy. To date, few studies have systematically explored which combinations of routine laboratory tests can 
effectively predict MPR in gastric cancer patients receiving NACI, and the efficacy of such integrated models requires 
further validation.

Therefore, the primary objective of this study was to develop and validate a practical, web-based nomogram that 
integrates pretreatment SIRI and LDH with key clinical variables to predict the probability of MPR in gastric cancer 
patients undergoing NACI. The ultimate goal is to provide clinicians with an accessible and actionable tool to facilitate 
personalized treatment planning at the point of care.

Materials and Methods
Study Participants
This retrospective study consecutively enrolled raw data from the medical record system at the Second Hospital of 
Lanzhou University, a major tertiary care center in Gansu Province. The study period was from June 1, 2020, to May 31, 
2025. The study was conducted in accordance with the Declaration of Helsinki and approved by the Medical Ethics 
Committee of the Second Hospital of Lanzhou University (Project Number: 2024 A-1281). The need for informed 
consent was waived due to the retrospective nature of the study and the protection of patient privacy and identity 
information. Data integrity was assessed through manual curation. Inclusion criteria: (1) patients who underwent radical 
resection after NACI; (2) pathological confirmation of gastric cancer; (3) availability of complete clinicopathological. 
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Exclusion criteria: (1) coexistence of other malignant tumors; (2) a history of hematological, autoimmune, or chronic 
inflammatory diseases prior to enrollment.

Data Collection
Clinical variables were retrieved from the hospital’s electronic medical records, including: demographic details (sex, age 
and Eastern Cooperative Oncology Group Score), body mass index, pretreatment laboratory parameters before NACI 
(blood cell counts, carcinoembryonic antigen (CEA), cancerantigen19-9 (CA19-9) and lactate dehydrogenase (LDH)), 
and detailed pathological information. The latter included overall TNM stage (tumors staged according to the eighth 
version of the American Joint Committee on Cancer (AJCC) tumor-node-metastasis classification), primary tumor 
location (classified as upper (cardia/fundus), middle (gastric body), or lower (antrum/pylorus) based on AJCC criteria) 
and MSI status.

Systemic inflammatory response index (SIRI)= (neutrophil count × monocyte count)/lymphocyte count,20 Monocyte 
lymphocyte ratio (MLR)= monocyte count/lymphocyte count, Platelet lymphocyte ratio (PLR)= platelet count/lympho
cyte count.21

The primary endpoint of the study was MPR. MPR was defined as ≤10% residual viable tumor cells using Becker’s 
tumor regression grading (TRG) criteria.22

Statistical Analysis
Analyses used SPSS 26.0 and R 4.5.1. Continuous variables were compared with Student’s t-test (normally distributed) 
or Mann–Whitney U-test (non-normal distributions). Categorical variables were analyzed with χ2 or Fisher’s exact tests. 
Variables with a P-value < 0.05 in univariate logistic regression were included in the multivariate logistic regression 
model to identify independent predictors. Gender was included as a covariate in the multivariate model to adjust for 
potential confounding. A nomogram incorporating independent predictors was developed by using the rms package in 
R. Model performance was assessed by receiver operating characteristic curve (ROC), area under curve (AUC), 
sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value (NPV), calibration curves 
(Bootstrap resampling, 1000 replicates), and decision curve analysis (DCA). Data were partitioned into training (70%) 
and testing (30%) sets using the caret package. Internal validation employed 1000 bootstrap iterations in the training and 
testing set. Two-tailed P<0.05 indicated statistical significance.

Results
Characteristics of the Study Cohort
A total of 378 patients were enrolled in primary analysis. Following manual data integrity assessment, 53 patients were 
excluded for varying degrees of missing data, resulting in a final cohort of 325 patients for analysis and model 
development, of whom 280 were men and 45 were women, 174 patients attained MPR and 151 did not, the MPR rate 
is 53.5% in this study. The screening diagram is shown in Figure 1. These patients were randomly allocated to training 
and testing sets at a 7:3 ratio, resulting in 227 and 98 subjects in each set, respectively. Baseline characteristics showed 
no significant intergroup differences (all P>0.05), with complete comparative data presented in Table 1.

Univariate and Multivariate Logistic Regression Analyses
Table 2 presents the outcomes of both univariate and multivariate Logistic regression analyses, elucidating the relation
ship of various clinical and biochemical parameters with MPR in gastric cancer patients. Univariate analysis revealed that 
primary tumor location, MSI status, histological differentiation grade, SIRI, LDH and MLR were significantly correlated 
with MPR (all P<0.05). The independent prognostic role of these variables was further examined through multivariate 
regression analysis. Multivariate analysis results showed that SIRI (Odds Ratio (OR)=2.02, 95% Confidence Interval (CI) 
=1.02–3.97, P=0.043), LDH (OR=1.02, 95% CI=1.01–1.03, P<0.001), primary tumor location in the lower stomach 
(OR=2.90, 95% CI=1.35–6.22, P=0.006), and histological differentiation grade (OR=3.43, 95% CI=1.77–6.63, P<0.001) 
emerged as independent predictors of MPR.
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Development and Validation of the Nomogram Model
Utilizing independent prognostic factors identified through univariate and multivariate Logistic regression analyses, 
a nomogram model was constructed to predict MPR in gastric cancer patients (Figure 2). Comparative analysis 
comparing the predictive efficacy of each independent risk factor individually to that of the nomogram model demon
strated the superiority of the latter in predicting MPR. Through bootstrap validation (resampling=1000), the developed 
nomogram model demonstrated robust predictive performance, achieving an AUC value of 0.807 (95% CI: 0.751–0.863) 
in the training set and 0.799 (95% CI: 0.711–0.888) in the independent testing set (Figure 3). Calibration curves for MPR 
probabilities demonstrated a high level of agreement between predicted and observed outcomes, attesting to the model’s 
credibility (Figure 4). Additionally, the DCA further confirmed the significant clinical efficacy of this nomogram model 
in predicting MPR probabilities (Figure 5).

Comprehensive Model Performance Evaluation
The predictive performance of the nomogram was further evaluated using a comprehensive set of classification metrics at 
the optimal probability threshold, which was determined to be 0.576 by maximizing Youden’s Index. As summarized in 
Table 3, in the training set, the model demonstrated a sensitivity of 67.2%, a specificity of 80.2%, and an overall accuracy 

Figure 1 Flow diagram of study design.
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Table 1 Baseline Characteristics of the Training and Testing Sets

Variables (x±s)/n (%) Total (n = 325) Training Set (n = 227) Testing Set (n = 98) P

Gender 0.110 χ2

Female 45 (13.85) 36 (15.86) 9 (9.18)

Male 280 (86.15) 191 (84.14) 89 (90.82)

Age, years 0.470 χ2

<60 179 (55.08) 128 (56.39) 51 (52.04)

≥60 146 (44.92) 99 (43.61) 47 (47.96)

BMI, kg/m2 0.960 χ2

Underweight 36 (11.08) 25 (11.01) 11 (11.22)

Normal range 206 (63.38) 143 (63.00) 63 (64.29)

Overweight and obesity 83 (25.54) 59 (25.99) 24 (24.49)

ECOG PS 0.444 χ2

0 196 (60.31) 140 (61.67) 56 (57.14)

1 129 (39.69) 87 (38.33) 42 (42.86)

Primary tumor location 0.274 χ2

Upper 129 (39.69) 85 (37.44) 44 (44.90)

Middle 73 (22.46) 56 (24.67) 17 (17.35)

Lower 123 (37.85) 86 (37.89) 37 (37.76)

Differentiation 0.523 χ2

Poorly 167 (51.38) 114 (50.22) 53 (54.08)

Moderately or Highly 158 (48.62) 113 (49.78) 45 (45.92)

cTNM 0.126 χ2

I–II 60 (18.46) 37 (16.30) 23 (23.47)

III–IV 265 (81.54) 190 (83.70) 75 (76.53)

MSI 0.451 χ2

MSS or MSI-L 307 (94.46) 213 (93.83) 94 (95.92)

MSI-H 18 (5.54) 14 (6.17) 4 (4.08)

NE 4.05 ± 1.78 4.09 ± 1.84 3.98 ± 1.64 0.601 t

LY 1.52 ± 0.76 1.51 ± 0.83 1.55 ± 0.57 0.661 t

MO 0.42 ± 0.18 0.42 ± 0.18 0.43 ± 0.17 0.545 t

PLT 246.51 ± 92.45 251.24 ± 96.17 235.54 ± 82.61 0.160 t

SIRI 1.31 ± 1.11 1.33 ± 1.16 1.26 ± 1.00 0.637 t

MLR 0.30 ± 0.13 0.30 ± 0.14 0.30 ± 0.12 0.711 t

PLR 184.17 ± 95.50 189.14 ± 95.68 172.64 ± 94.55 0.153 t

(Continued)
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Table 1 (Continued). 

Variables (x±s)/n (%) Total (n = 325) Training Set (n = 227) Testing Set (n = 98) P

LDH 180.44 ± 47.70 181.71 ± 49.19 177.49 ± 44.15 0.465 t

CEA, ng/mL 0.302 χ2

<3.4 193 (59.38) 139 (61.23) 54 (55.10)

≥3.4 132 (40.62) 88 (38.77) 44 (44.90)

CA19-9, U/mL 0.203 χ2

<27 233 (71.69) 158 (69.60) 75 (76.53)

≥27 92 (28.31) 69 (30.40) 23 (23.47)

MPR 0.910 χ2

No 151 (46.46) 105 (46.26) 46 (46.94)

Yes 174 (53.54) 122 (53.74) 52 (53.06)

Notes: t: t-test; χ2: Chi-square test. 
Abbreviations: ECOG PS, Eastern Cooperative Oncology Group Performance Status; BMI, Body Mass Index; cTNM, clinical 
TNM category; MSI, Microsatellite instability; MSS or MSI-L, Microsatellite stability or Microsatellite instability-low; MSI-H, 
Microsatellite instability-high; NE, Neutrophil; LY, Lymphocyte; MO, Monocytes; PLT, Platelet; SIRI, systemic inflammatory 
response index; MLR, Monocyte lymphocyte ratio; PLR, Platelet lymphocyte ratio; LDH: Lactate dehydrogenase; CEA, 
Carcinoembryonic antigen; CA19-9, Cancerantigen19-9; MPR, Major pathological response.

Table 2 Univariate and Multivariate Analysis of Variables Related to MPR in Training and Validation Sets

Variables Training Set Testing Set

Univariate Multivariate Univariate Multivariate

OR (95% CI) P OR (95% CI) P OR (95% CI) P OR (95% CI) P

Gender

Female 1.00 (Reference) 1.00 (Reference) 1.00 (Reference) 1.00 (Reference)

Male 0.80 (0.39 ~ 1.65) 0.548 0.84 (0.31~2.31) 0.740 0.44 (0.14 ~ 1.42) 0.168 0.27 (0.04 ~ 1.74) 0.168

Age, years

<60 1.00 (Reference) 1.00 (Reference)

≥60 1.64 (0.96 ~ 2.79) 0.069 1.21 (0.53 ~ 2.76) 0.644

BMI, kg/m2

Underweight 1.00 (Reference) 1.00 (Reference)

Normal range 2.39 (0.99 ~ 5.77) 0.053 1.12 (0.38 ~ 3.35) 0.833

Overweight and obesity 1.97 (0.75 ~ 5.16) 0.168 0.77 (0.23 ~ 2.63) 0.681

ECOG PS

0 1.00 (Reference) 1.00 (Reference)

1 0.81 (0.48 ~ 1.39) 0.450 1.09 (0.49 ~ 2.41) 0.830

Primary tumor location

(Continued)
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of 73.2%. The PPV and NPV were 79.6% and 68.0%, respectively, resulting in an F1-score of 0.729. When applied to the 
independent testing set, the model maintained robust performance with a sensitivity of 59.6%, a specificity of 75.6%, and 
an accuracy of 67.0%. The corresponding PPV, NPV, and F1-score in the testing set were 0.738, 0.618, and 0.660, 
respectively. The observed consistency in performance across both sets, with a predictable and minor decrease in metrics 
in the testing set, indicates a good generalizability of the nomogram without substantial overfitting.

Table 2 (Continued). 

Variables Training Set Testing Set

Univariate Multivariate Univariate Multivariate

OR (95% CI) P OR (95% CI) P OR (95% CI) P OR (95% CI) P

Upper 1.00 (Reference) 1.00 (Reference) 1.00 (Reference) 1.00 (Reference)

Middle 1.02 (0.52 ~ 2.01) 0.949 1.27 (0.54 ~ 2.99) 0.579 4.04 (1.33 ~ 12.28) 0.014 4.54 (0.88 ~ 23.33) 0.070

Lower 2.32 (1.25 ~ 4.30) 0.008 2.90 (1.35 ~ 6.22) 0.006 3.36 (1.28 ~ 8.84) 0.014 3.91 (0.95 ~ 16.14) 0.059

Differentiation

Poorly 1.00 (Reference) 1.00 (Reference) 1.00 (Reference) 1.00 (Reference)

Moderately or Highly 2.76 (1.61 ~ 4.74) <0.001 3.43 (1.77 ~ 6.63) <0.001 2.06(0.91 ~ 4.65) 0.081 2.31 (0.71 ~ 7.48) 0.162

cTNM

I–II 1.00 (Reference) 1.00 (Reference)

III–IV 0.86 (0.43 ~ 1.76) 0.688 1.67 (0.60 ~ 4.69) 0.329

MSI

MSS or MSI-L 1.00 (Reference) 1.00 (Reference) 1.00 (Reference) 1.00 (Reference)

MSI-H 5.62 (1.23 ~ 25.70) 0.026 6.63 (0.99 ~ 44.49) 0.051 9.15 (1.08 ~ 77.52) 0.042 9.38 (0.87 ~ 100.65) 0.065

LY 1.11 (0.79 ~ 1.57) 0.547 1.58 (0.76 ~ 3.29) 0.220

PLT 7.45 (1.48 ~ 37.62) 0.164 1.00 (1.00 ~ 1.00) 0.874

SIRI 1.52 (1.11 ~ 2.08) 0.009 2.02 (1.02 ~ 3.97) 0.043 1.81 (1.12 ~ 2.93) 0.016 3.82 (1.08 ~ 13.46) 0.037

MLR 9.20 (1.19 ~ 71.41) 0.034 6.21 (0.01 ~ 7073.38) 0.611 9.59 (0.49 ~ 188.10) 0.136

PLR 1.00 (1.00 ~ 1.00) 0.158 1.00 (0.99 ~ 1.00) 0.318

LDH 1.02 (1.01 ~ 1.03) <0.001 1.02 (1.01 ~ 1.03) <0.001 1.02 (1.01 ~ 1.03) 0.002 1.02 (1.01 ~ 1.04) 0.012

CEA, ng/mL

<3.4 1.00 (Reference) 1.00 (Reference)

≥3.4 1.22 (0.72 ~ 2.10) 0.460 1.06 (0.48 ~ 2.35) 0.888

CA19-9, U/mL

<27 1.00 (Reference) 1.00 (Reference)

≥27 0.91 (0.52 ~ 1.61) 0.754 0.91 (0.39 ~ 2.12) 0.834

Abbreviations: OR, Odds Ratio; CI, Confidence Interval; ECOG PS, Eastern Cooperative Oncology Group Performance Status; BMI, Body Mass Index; cTNM, clinical 
TNM category; MSI, Microsatellite instability; MSS or MSI-L, Microsatellite stability or Microsatellite instability-low; MSI-H, Microsatellite instability-high; NE, Neutrophil; LY, 
Lymphocyte; MO, Monocytes; PLT, Platelet; SIRI, systemic inflammatory response index; MLR, Monocyte lymphocyte ratio; PLR, Platelet lymphocyte ratio; LDH, Lactate 
dehydrogenase; CEA, Carcinoembryonic antigen; CA19-9, Cancerantigen19-9.
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Figure 3 Performance of the predictive model by receiver operating characteristic (ROC) curves. (A) The training set. (B) The testing set.

Figure 4 The calibration curve of the nomogram. (A) The training set. (B) The testing set.

Figure 2 Nomogram model based on the variables selected by Logistic regression.
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Discussion
This single-center retrospective cohort study evaluated SIRI, LDH, primary tumor location, and histological differentia
tion grade as predictors of treatment efficacy in gastric cancer patients receiving NACI. In this study, we established 
correlations between these biomarkers and therapeutic response, developing a visualized nomogram to assist clinicians in 
personalizing treatment strategies.

Inflammation plays a multifaceted role in oncogenesis, actively contributing to tumor initiation and progression across 
all stages.23 Neutrophils can either synergize with immune networks to suppress tumors or be co-opted to facilitate 
immune escape and progression. Additionally, their granular components can promote proliferation, metastasis, and 
angiogenesis.24 Lymphocytes form the foundation of tumor immunosurveillance through antigen-specific recognition and 
cytotoxic elimination.25 Monocytes and their derivatives, such as tumor-associated macrophages, paradoxically regulate 
both immune tolerance and anti-tumor responses. Peripheral blood monocytes differentiate into tumor-associated 
macrophages, dendritic cells, and myeloid-derived suppressor cells, critically regulating progression and therapy out
comes by modulating immune responses.26 This link between systemic inflammation and the tumor immune milieu 
underpins the value of accessible peripheral blood parameters as cost-effective prognostic biomarkers, despite their 
inherent variability due to non-specific confounders like infection or medication.

SIRI, calculated from neutrophil, lymphocyte, and monocyte counts, serves as an inflammatory biomarker and 
prognostic indicator for OS and PFS in various cancers, such as gastric cancer,27 breast cancer,28 rectal cancer,29 

hepatoblastoma,30 lung adenocarcinoma,31 and pancreatic cancer.32 SIRI integrates these three cell levels to holistically 
assess systemic inflammatory activity and immune state, providing a comprehensive biomarker for disease monitoring. 
Contrary to expectations, our study showed gastric cancer patients with high pretherapeutic SIRI exhibited better 
therapeutic responses than those with low SIRI. Interestingly, Zuo et al31 found that SIRI values declined in lung 
adenocarcinoma patients who had the best response to first-line therapy and increased again as the disease progressed. 
Real-time tracking of systemic inflammatory dynamics serves as a predictive tool for therapeutic response, providing 
early warning signals of resistance while guiding precise treatment. Elevated SIRI may signify enhanced myeloid 
regenerative capacity facilitating post-chemoimmunotherapy immune reconstitution. Our cohort identifies a distinctive 

Table 3 Comprehensive Performance Metrics of the Nomogram in the Training and 
Testing Sets

Dataset Sensitivity Specificity Accuracy PPV NPV F1-Score Cut Off

Training Set 0.672 0.802 0.732 0.796 0.680 0.729 0.576

Testing Set 0.596 0.756 0.670 0.738 0.618 0.660 0.576

Abbreviations: PPV, Positive Predictive Value; NPV, Negative Predictive Value.

Figure 5 The validation of the decision curve analysis (DCA) for the nomogram. (A) The training set. (B) The testing set.
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SIRI cutoff (0.765) below conventional thresholds, potentially indicating an immunologically primed state. Preliminarily, 
we use the upper limit of normal (ULN) for monocytes and neutrophils and the lower limit of normal for lymphocytes to 
calculate the maximum normal threshold of SIRI (3.436), serving as its prognostic high-risk threshold. Dynamic SIRI 
patterns post-treatment showed predictive value: decreases may correlate with immune activation, progressive elevations 
with hyperactivation, while sustained surges beyond high-risk thresholds signal pathological inflammation.

LDH, a key metabolic enzyme, functions as a prognostic biomarker for multiple cancers.33 Research indicates that 
LDH enhances tumor cell survival, migration, and proliferation while driving angiogenesis and metastasis in gastric 
cancer.19 Previous clinical studies have confirmed that high LDH levels are associated with worse OS and PFS prognoses 
in various cancers, including gastric cancer,34 urothelial carcinoma35 and renal cell carcinoma.36 Contrary to conven
tional paradigms, lactate-mediated augmentation of CD8+ T cell stemness was found to potentiate anti-tumor immunity 
in multiple tumor models, a protective mechanism historically overshadowed by its immunosuppressive dominance.37 

Interestingly, our study revealed enhanced NACI responses in patients with elevated pretherapeutic LDH compared to 
those with low baseline LDH. Whereas prior investigations employed the institutional ULN (typically <250 U/L) as the 
OS and PFS prognostic cutoff, our cohort established a substantially lower threshold (171 U/L). Elevated LDH may 
signify enhanced immunometabolic fitness for processing chemotherapy-released tumor antigens. However, sustained 
elevation beyond ULN serves as a harbinger of disease progression. Therefore, serial LDH assessment is imperative for 
therapeutic monitoring during chemoimmunotherapy.

Our analysis of 325 gastric cancer patients who underwent NACI and radical surgery identified that low prether
apeutic levels of LDH and SIRI were associated with a poorer therapeutic response. Both LDH and SIRI emerged as 
independent risk factors for MPR, underscoring the impact of inflammation, glycolysis, and hypoxia on treatment 
outcomes and their utility in effective prognosis prediction. While the findings underscore the necessity for in-depth 
exploration of potential molecular mechanisms that may underlie the current discoveries, the precise biological basis for 
these observations remains unclear. The ROC curve analysis demonstrated that the nomogram model exhibited sig
nificantly better predictive performance than any single indicator alone. By integrating inflammation- and glycolysis- 
related markers with conventional clinical factors, the nomogram enables refined risk stratification, enhances prediction 
precision, and supports personalized treatment strategies. The nomogram serves as a valuable tool to identify high-risk 
patients requiring intensive regimens, closer monitoring, or targeted therapies, improving outcomes. Monitoring SIRI or 
LDH dynamics may prompt clinicians to reassess and adjust therapeutic strategies. For patients with persistently low 
SIRI & LDH or sustained elevation exceeding conventional high-risk thresholds, early NACI discontinuation, followed 
by timely surgery or alternative strategies, is recommended to enhance prognosis and minimize unnecessary treatment. 
Consequently, protocol-mandated serial assessment of SIRI and LDH dynamics at baseline and during treatment is 
essential for precision management of these patients.

To our knowledge, this is the first study combining inflammatory markers reflecting inflammation, immunity, 
glycolysis, and hypoxia to explore their relationship with chemoimmunotherapeutic response in gastric cancer. Our 
nomogram visualizes their impact on therapeutic outcomes. To enhance accessibility and clinical utility, we developed 
and deployed a web-based computational prediction tool using R Shiny (URL: https://prediction-123.shinyapps.io/ 
Gastric_MPR_Predictor/). This tool enables rapid risk-level determination through simple interpretation of test indices 
or results and accurate identification of high-risk patients. By providing a holistic assessment, this readily accessible 
nomogram and its online implementation serve as invaluable resources for informing therapeutic strategies. Readily 
available at the point of care via the web interface, our nomogram offers clinicians a robust basis for informed decisions 
and tailored management, holding substantial clinical importance.

Our study has some limitations. Primarily, the single-institution retrospective design constrains generalizability due to 
limited sample diversity (n=325) and absence of external validation. Secondly, optimal cut-offs for SIRI and LDH 
determined through ROC analysis lack standardized reference thresholds, introducing inter-method variability that may 
compromise comparability.38 Thirdly, given that SIRI levels exhibit dynamic fluctuations during tumor progression and 
demonstrate significant correlations with therapeutic response, longitudinal multimodal data collection throughout the 
treatment course is imperative. Finally, due to the uncertainty of the critical value of SIRI and LDH, our web calculator 
also needs further improvement. Consequently, these limitations highlight the need for multicenter prospective trials with 
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standardized protocols and external validation to enhance reproducibility and clinical applicability. Furthermore, the 
male-predominant cohort (86%) may limit the generalizability of our findings, and future validation is necessary not only 
in more balanced populations but also through comparisons with more complex machine learning models to determine 
the optimal predictive approach.

Despite these limitations, our nomogram provides a valuable, cost-effective strategy for initial risk stratification. It 
can help clinicians identify patients with a high probability of response, who may optimally benefit from NACI, and 
those with a low probability, for whom alternative treatment strategies or early surgical intervention could be considered. 
Meanwhile, our findings provide the necessary foundation for prospective clinical validation of this model, and plan to 
conduct an external validation study in the future.

Conclusion
In conclusion, we developed and validated a nomogram that effectively predicts the probability of MPR following NACI 
in gastric cancer patients by integrating four key variables: histological differentiation grade, tumor location, SIRI, and 
LDH. This model has been translated into an accessible web-based calculator to facilitate point-of-care risk assessment. 
While this represents a significant step towards personalized therapy, the model’s definitive generalizability awaits 
external validation in multi-center, prospective cohorts, including assessments across key patient subgroups. Future work 
should also focus on evaluating the tool’s real-world utility in optimizing clinical decision-making, such as stratifying 
patients for treatment escalation or de-escalation, which could inform future clinical policy.
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