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Abstract

Background We combined the metabolic features of '®F-FDG-PET/CT and
hematological inflammatory indicators to establish a predictive model of the outcomes
of patients with locally advanced non-small cell lung cancer (LA-NSCLC) receiving
concurrent chemoradiotherapy.

Results A predictive nomogram was developed based on sex, CEA, systemic immune-
inflammation index (SI1), mean SUV (SUVmean), and total lesion glycolysis (TLG). The
nomogram presents nice discrimination that yielded an AUC of 0.76 (95% confidence
interval: 0.66-0.86) to predict 1-year PFS, with a sensitivity of 63.6%, a specificity of
83.3%, a positive predictive value of 83.7%, and a negative predictive value of 62.9%
in the training set. The calibration curves and DCA suggested that the nomogram
had good calibration and fit, as well as promising clinical effectiveness in the training
set. In addition, survival analysis indicated that patients in the low-risk group had a
significantly longer mPFS than those in the high-risk group (16.8 months versus 8.4
months, P<0.001). Those results were supported by the results in the internal and
external test sets.

Conclusions The newly constructed predictive nomogram model presented
promising discrimination, calibration, and clinical applicability and can be used as an
individualized prognostic tool to facilitate precision treatment in clinical practice.

Keywords LA-NSCLC, Nomogram, Concurrent chemoradiotherapy, SIl, SUVmean, TLG

Introduction

Non-small cell lung cancer (NSCLC) is the most prevalent form of lung cancer, account-
ing for approximately 85% of lung cancer cases worldwide [1]. Due to its insidious nature,
nearly one-third of patients have progressed to locally advanced non-small cell lung can-
cer (LA-NSCLC) by the time they are diagnosed and have lost the optimal opportunity
for surgery [2]. Concurrent chemoradiotherapy (CCRT) is the standard of therapy for
inoperable LA-NSCLC and has been established since the 1990s [3]. However, most
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patients still experience recurrence, and the 5-year survival rate is only 15-25% [4, 5].
The use of biomarkers for the early prediction of patient prognosis may help clinicians to
perform risk stratification and adjust the intensity and type of therapy for individualized
management.

18F-deoxyglucose positron emission tomography/computed tomography (**F-FDG
PET/CT) provides quantitative information on the metabolic activity of tumors, which
is utilized not only for the diagnosis, staging, and assessment of the effectiveness of can-
cer treatments but also for the prediction of patients outcomes [6—8]. The metabolic
features of PET demonstrated to yield more valuable prognostic information beyond
conventional imaging in NSCLC [7-10]. Standardized uptake value (SUV), which rep-
resents the ratio of the radioactive activity of the imaging agent absorbed by local tissues
to the average injected activity of the entire body, is a frequently employed semi-quanti-
tative indication in PET. The most frequently used features for evaluating tumor meta-
bolic activity in PET/CT imaging are the maximum of SUV (SUVmax), mean of SUV
(SUVmean), metabolic tumor volume (MTV), and total lesion glycolysis (TLG) [9, 10].
SUVmax reflects the metabolic activity of the highest uptake site of 5F-FDG in tumors,
while SUVmean reflects the average metabolic activity of the uptake area of FDG. MTV
and TLG are different classes of metabolic features derived from the SUV that take into
account the tumor volume for PET/CT imaging. MTV assesses both tumor volume
and metabolic activity, which differs from the tumor volume calculated using anatomi-
cal images. TLG combines tumor metabolic volume and the metabolic uptake of FDG,
providing a comprehensive measure of the overall tumor burden in the body [8, 10, 11].
However, PET/CT is susceptible to the effects of examination noise and pixel size [12—
14]. In addition, the patient’s body mass index, blood glucose, and postinjection imaging
time may also interfere with the screening of SUV [12-15]; therefore, there is a need to
combine other indices to more objectively reflect the metabolic status of the tumor.

Inflammation is considered to be a hallmark feature in the development and progres-
sion of tumors [16, 17]. Systemic inflammatory hematological indicators based on cir-
culating blood counts have recently been widely investigated as prognostic markers for
tumors [18]. There is increasing evidence that the presence and severity of the systemic
inflammatory response are intimately related to the prognosis of patients, and some
inflammatory-related hematological indicators have been identified as independent pre-
dictors of patient outcomes [19-22]. The neutrophil-to-lymphocyte count ratio (NLR)
[19], an early indicator of systemic inflammation, has been demonstrated to have dra-
matic prognostic value in a variety of malignancies, including non-small cell lung can-
cer. In addition, the lymphocyte-to-monocyte ratio (LMR) [20], platelet-to-lymphocyte
count ratio (PLR) [21], and systemic immune-inflammation index (SII) [22] were also
revealed to have similar predictive roles. However, most of these studies evaluated only
blood markers alone and did not consider them in combination with other indicators.

Combining the glucose metabolism features of primary tumors from FDG-PET/CT
with systemic hematological inflammatory factors, taking into account both tumor and
host dimensions, may be able to improve the prognostic power for patients with LA-
NSCLC while increasing the richness of information. Hence, we aimed to establish and
validate a simple-to-use and effective early prediction model [23] for PFS in patients with
inoperable LA-NSCLC based on clinical characteristics, metabolic features from FDG-
PET/CT, and hematological inflammatory indicators. Furthermore, we investigated the
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prognostic differences between patients in the high- and low-risk groups based on the
predictive models.

Methods

Patients and data collection

We retrospectively collected 149 inoperable LA-NSCLC patients who were admitted to
Shandong Cancer Hospital from February 2014 to September 2017. These 149 patients
were randomly split into training/validation and internal test sets at a ratio of 7:3. In
addition, we retrospectively enrolled an additional 35 patients who attended Yantai
Yuhuangding Hospital from January 2018 to December 2020 as an independent exter-
nal test set. In the study, the training set is also a validation set but we will refer to it as
a training set for simplicity. All of the patients were inoperable, LA-NSCLC based on
the 7th (for the training and internal test sets) and 8th (for the external test set) editions
of the AJCC staging system. We extracted the following basic characteristics from the
hospital’s electronic medical record system: age, sex, smoking history, tumor location,
clinical TNM stage, pathology type, CEA, NSE, and Cyfra21-1. This study was approved
by the ethics committee of Yantai Yuhuangding Hospital. Additionally, because the study
was retrospective in nature, informed consent was not needed.

Treatment protocols and follow-up

All patients were treated with concurrent chemoradiotherapy. Radiotherapy techniques
included three-dimensional conformal radiotherapy (3D-CRT) and intensity-modulated
radiotherapy (IMRT). Chemotherapy was conducted with a cisplatin/docetaxel or a cis-
platin/pemetrexed regimen at the same time as the initial radiotherapy on Day 1. Che-
motherapy was cycled every 21 days for two cycles with radiation and then another 2—4
cycles without radiation. Follow-ups were undertaken every three months during the ini-
tial two years after completion of all treatments, every six months for the following three
years, and then once a year thereafter. In the present study, we adopted progression-free
survival (PFS) as the prognostic endpoint, which was defined as the period between the
start of treatment and the objective progression of the disease or death from any cause.

PET/CT imaging data

All patients underwent a whole-body PET/CT scan using a PET/CT scanner (Discovery
LS, GE Healthcare) one week before initiating antitumor therapy. The Xeleris™ work-
station (GE Healthcare) presents CT images, attenuation-corrected PET images, and
merged PET/CT images as sagittal, coronal, and transverse slices. The primary tumor
SUYV values were determined based on a region of interest (ROI) obtained thresholding
each PET image using a generally accepted threshold of 2.5. A volumetric zone of inter-
est was sketched around the primary tumor contour on the transverse plane of the PET/
CT image using semiautomatic software. To prevent overlap with nearby structures that
were FDG avid, the ROI boundaries were modified by visual inspection of the original
tumor. The software automatically calculated the SUVmean value and MTV. The TLG
was artificially determined by multiplying the SUVmean by MTV. SUVmax, SUVmean,
MTYV, and TLG obtained from PET/CT were used for the analysis.
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Hematology data

Peripheral venous blood samples were taken within one week of starting the anticancer
treatment. The peripheral LMR, NLR, PLR, and SII were computed based on the follow-
ing equations: LMR=lymphocyte number/monocyte number; NLR=neutrophil num-
ber/lymphocyte number; PLR=platelet number/lymphocyte number; SII=neutrophil
number x platelet number/lymphocyte number.

Prognostic factors selection and nomogram development

Univariate Cox regression was utilized to screen potential PFS-related predictors in the
training set. Subsequently, factors with p-value less than 0.05 were included in the least
absolute shrinkage and selection operator (LASSO) regression to further filter more
significant predictors for PFS. The LASSO method has the capability to avoid model
overfitting and is suitable for regression analysis of high-dimensional data with multiple
covariates. The potential predictors were selected utilizing a parameter known as the
minimum mean square error criterion lambda ()). Then, a predictive nomogram model
for PFS was constructed based on the factors filtered by LASSO. This nomogram model
was used to predicting PFS for specific time points (1 and 2 years). However, in univari-
ate regression analysis, we used PFS and whether recurrence was the outcome event.

Performance of the nomogram

Bootstrapping validation (1000 bootstrap resamples) was used to assess the nomogram
model’s prediction ability in training set. The discriminative power of the nomogram
was measured using receiver operating characteristic (ROC) curves and the correspond-
ing area under the curve (AUC). To evaluate the nomogram’s identification and calibra-
tion, calibration curves were constructed. The Hosmer—Lemeshow test was performed
to estimate the goodness-of-fit of the nomogram. To examine the nomogram model’s

clinical applicability and overall benefit, decision curve analysis (DCA) was adopted.

Risk group stratification based on the nomogram

The risk scores for PFS were calculated for each patient based on the nomogram, and
the patients were then divided into high- and low-risk cohorts according to the optimal
cutoff value obtained by the Youden index from the ROC analysis with the X-tile 3.6.1
software (Yale University, USA) in the training set. Differences in PFS between patients
in the high- and low-risk cohorts were assessed in the training, internal test, and exter-

nal test sets.

Statistical analysis

The Mann-Whitney U test was employed to compare continuous variables, and Pear-
son’s chi-square test was utilized to compare categorical variables. Categorical variables
were described with percentages and continuous data using medians [interquartile
ranges (IQRs)]. PFS was estimated utilizing the Kaplan-Meier method, and the differ-
ences between the high-risk and low-risk groups were compared by using the log-rank
test. Statistical analysis was performed with the SPSS program (V22.0, Inc., Chicago, IL,
USA) and R project (4.1.3, “glmnetwere” packages for LASSO logistic regression analy-
sis, “forestplot” packages for plotting forests, “hmisc” packages for plotting nomograms,
“calibration curves” packages for plotting calibration curves, “pROC” packages for
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plotting ROC curves and calculating AUCs, and “stdca” packages for DCA). A two-sided
p-value less than 0.05was regarded as statistically significant.

Results

Patient characteristics

Figure 1 shows the study’s conceptual framework. There were 104, 45, and 35 patients in
the training set, internal test set, and external test set, respectively. Patients in the train-
ing and internal validation sets had similar baseline characteristics (Table 1). The mPFS
of the training, internal test, and external test sets were 9.43 months (95% CI: 5.7-13.2
months), 11.3 months (95% CI: 9.3-13.2 months), and 11.3 months (95% CI: 7.4—15.2
months), respectively.

Factor selection and construction of the nomogram

Univariate Cox regression analysis for the training set suggested that 10 of the 23 fac-
tors had a significant correlation with PFS (Table 2). They were sex (P=0.028), CEA
(P=0.004), neutrophils (P=0.013), NLR (P=0.009), PLR (P=0.027), SII (P=0.001), SUV-
max (P=0.008), SUVmean (P<0.001), MTV (P=0.002), and TLG (P<0.001). Then, fea-
ture selection was performed by LASSO logistic regression analysis of the ten variables.
The results show that the optimal value of tuning parameter A in the LASSO logistic
regression was 0.087 when the mean-squared error reached its minimum value. Five
variables with nonzero coefficients were screened: sex, CEA, SII, SUVmean, and TLG
(Fig. 2). Finally, a predictive nomogram model for PFS was constructed (Fig. 3). Based
on this nomogram, the point scale scores for these five variables could be calculated for
each patient, and their sum was the total point value.

Training set
(n=104)

23 variables

Univariate cox regression
(10 variables)

LASSO cox regression
(5 variables)

Internal ROC
Validation
(n=45)

Callibration plots

Developing a nomogram

External

Test DCA
(n=36)

Fig. 1 The flowchart of the study procedure



Wang et al. EINMMI Physics

(2024) 11:24

Table 1 Baseline characteristics of patients

Variables Training set Internal test set P External test set
n=104 n=45 n=35

Age [years] 0.673

Median (range) 61 (36-84) 60 (37-73) 65 (43-84)
Gender 0.273

Male 72(69.2%) 27(60.0%) 26 (74.29%)

Female 32(30.8%) 18(40.0%) 9 (25.71%)
Smoking 0.759

Yes 56(53.8%) 23(51.1%) 24 (68.57%)

No 48(46.2%) 22(48.9%) 11(31.43%)
Tumor location 0.135

Central 41(39.4%) 12(26.7%) 12 (34.29%)

Peripheral 63(60.6%) 33(73.3%) 23 (65.71%)
T stage 0.296

1 20(19.2%) 7(15.6%) 6 (17.14%)

2 34(32.7%) 15(33.3%) 10 (28.57%)

3 15(14.4%) 12(26.7%) 7 (20.00%)

4 35(33.7%) 11(24.4%) 12 (34.29%)
N stage 0.954

0 6(5.8%) 3(6.7%) 3(8.57%)

1 3(2.9%) 2(4.4%) 6 (17.14%)

2 48(46.1%) 21(46.7%) 12 (34.29%)

3 47(45.2%) 19(42.2%) 14 (40.00%)
CcTNM stage 0.254

A 36(34.6%) 13(28.9%) 18 (51.43%)

1B 68(46.4%) 32(71.1%) 10 (28.57%)

Inc 7 (20.00%)
Pathology 0.307

ADC 58 (55.8%) 21 (46.7%) 13 (37.14%)

SCC 46 (44.2%) 24 (53.3%) 22 (62.86%)
CEA [ng/ml] 11.66 [4.58,39.4] 11.07 [4.77, 22.69] 0.755 6.05[4.18,11.21]
NSE [ng/ml] 14.83[11.92,1841] 15.11[12.32,1842] 0711 18.92[14.50,21.94]
Cyfra21-1 [ng/ml] 4.04 [2.97,6.76] 4.18[3.02,6.33] 0962 5.25[3.82,13.52]
Lymphocyte [10° 1.74[1.28,2.13] 1.78 [1.48,2.23] 0430 1.67[1.35,239]
cells/L]
Neutrophil [10° cells/L] ~ 5.12 [3.95, 6.07] 4.71 [4.06, 6.00] 0.761 4.82[3.18,6.50]
Monocyte [10° cells/L] ~ 0.51 [0.40, 0.69] 0.54[041,0.72] 0315 0.54[0.40,0.82]
Platelet [10° cells/L] 269.00 [218.00, 328.00] 263.00 [191.00, 326.00] 0.872  258.00 [210.00, 302.00]
LMR 3.51[240,4.55] 3.17[2.39,4.34] 0.564 3.18[2.05,4.61]
NLR 2.86[2.17,3.86] 296 [2.01,3.39] 0699 2.731[1.83,4.00]
PLR 159.07 [110.70, 215.19] 144.74[110.39, 186.49] 0377 151.83[105.09, 191.55]
SI 764.81[532.54,1088.50] 753.56 [454.07,110847] 0421 721.08[417.97,1067.48]
SUVmax 12.57[8.71,15.82] 11.64 [845,15.22] 0581 11471965, 14.66]
SUVmean 5.08 [4.18,6.32] 4.66 [3.90, 5.80] 0.076 592 [4.17,6.96]
MTV 40.90[14.98, 74.37] 26.82[11.28,59.01] 0.113  42.97117.15,82.78]
TLG 210.00 [68.72,437.71] 126.61[45.01,320.18] 0.085 272.54[94.95,673.87]

*: Comparison of clinical characteristics between training, internal test, and external test sets

Abbreviation: ADC: adenocarcinoma; SCC: squamous cell carcinoma; LMR: lymphocyte to monocyte ratio; NLR: neutrophil
to lymphocyte ratio; PLR: platelet to lymphocyte ratio; SlI: systemic immune-inflammation index; MTV: metabolic tumor
volume; TLG: tumor lesion glycolysis

Performance evaluation

The performance of the nomogram model was evaluated in the training set. The ROC

curve showed that the nomogram had favorable discrimination for PFS, with an AUC
of 0.76 (95% CI: 0.66—0.86), a sensitivity of 63.6%, a specificity of 83.3%, a positive

Page 6 of 16
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Table 2 Univariate cox regression model for PFS in training set

Variables HR 95%Cl P
Age 0.993 0.974-1.013 0493
Gender (male vs. female) 1.697 1.060-2.716 0.028
Smoking (Yes vs. No) 1418 0.930-2.162 0.105
Tumor location (peripheral vs. central) 0.794 0.521-1.210 0.283
T stage

] -

2 0.786 0432-1.430 0430

3 0.896 0.430-1.867 0.770

4 1.221 0.681-2.188 0.502
N stage

O -

1 0318 0.059-1.717 0.183

2 0.774 0.303-1.973 0.591

3 0.831 0.327-2.112 0.698
CcTNM stage

A -

1113; 1.079 0.665-1.750 0.759

Inc 1.639 0.909-2.956 0.101
Pathology (ADC vs. SCC) 0.718 0.472-1.090 0.120
CEA 1.009 1.003-1.016 0.004
NSE 1.013 0.987-1.040 0322
Cyfra21-1 1.025 0.995-1.056 0.100
Lymphocyte 0.715 0.496-1.031 0.073
Neutrophil 1.181 1.035-1.348 0.013
Monocyte 1.797 0.681-4.742 0.237
Platelet 1.002 1.000-1.005 0.112
LMR 0.993 0.880-1.122 0914
NLR 1.148 1.035-1.273 0.009
PLR 1.002 1.000-1.005 0.027
Sl 1.001 1.000-1.001 0.001
SUVmax 1.050 1.013-1.088 0.008
SUVmean 1.406 1.215-1.627 <0.001
MTV 1.006 1.002-1.010 0.002
TLG 1.002 1.001-1.002 <0.001

Abbreviation: Cl: confidence interval; ADC: adenocarcinoma; SCC: squamous cell carcinoma; LMR: lymphocyte to monocyte
ratio; NLR: neutrophil to lymphocyte ratio; PLR: platelet to lymphocyte ratio; Sll: systemic immune-inflammation index;
MTV: metabolic tumor volume; TLG: tumor lesion glycolysis

predictive value (PPV) of 83.7%, and a negative predictive value (NPV) of 62.9% for
1-year PFS; and an AUC of 0.90 (95% CI: 0.83-0.96), a sensitivity of 79.8%, a specific-
ity of 100.0%, a PPV of 100.0%, and an NPV of 44.1% for 2-year PFS (Fig. 4A). Time-
dependent AUCs indicated that the nomogram had favorable accuracy for predicting
PES in the range of 5 months to 25 months (Fig. 4D). The calibration curves visually
revealed favorable accordance between the prediction of the nomogram and the actual
observations (Fig. 4G). The Hosmer—Lemeshow test demonstrated a nice goodness-of-
fit of the nomogram, with no significant differences observed (P=0.247). DCA showed
that the nomogram had a nice overall net benefit in the threshold probability range
of 35.0-89.0% (Fig. 4]), indicating that the model has promising clinical effectiveness.
These results suggest that the nomogram has excellent performance in the training set.
The model’s accuracy was then assessed using an internal test set and an external test
set. Consistent with the results in the training set, the nomogram yielded a favorable
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Fig. 2 Feature selection using the least absolute shrinkage and selection operator (LASSO) Cox regression model.
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Fig. 3 The nomogram was developed in the training set. It included five factors: gender, CEA, systemic immune-
inflammation index (SI), SUVmean, and total lesion glycolysis (TLG). The nomogram plot provides a visual way to
predict the PFS of patients. By drawing a vertical line from the total points axis to the risk axis, the probability of
1-year PFS and 2-year PFS for the patient could be estimated

AUC of 0.80 (95% CI: 0.64-0.96) with a sensitivity of 64.4%, a specificity of 100.0%,
a PPV of 100.0%, and an NPV of 71.8% for 1-year PFS; and an AUC of 0.84 (95% CI:
0.69-0.99), a sensitivity of 65.0%, a specificity of 100.0%, a PPV of 100.0%, and an NPV
of 32.9% for 2-year PFS in the internal test set (Fig. 4B, Supplementary Fig. 1B, E); an
AUC of 0.82 (95% CI: 0.69—-0.95), a sensitivity of 69.1%, a specificity of 88.2%, a PPV of
89.8%, and an NPV of 65.58% for 1-year PFS; and an AUC of 0.87 (95% CI: 0.72-1.00),
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Fig. 4 Evaluation of the performance of the nomogram. Validation of the discrimination power of the nomogram
by ROC curve analysis in the training (A) internal test (B) and external test set (C); Time-dependent AUCs indicated
that the nomogram had favorable accuracy for predicting PFS in the range of 5 months to 25 months (D, E, and F).
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decision curve analysis

a sensitivity of 83.4%, a specificity of 80.0%, a PPV of 96.7%, and an NPV of 41.19% for
2-year PFS in external test set (Fig. 4C, Supplementary Fig. 1C, F). The time-dependent
AUC:s also indicated that the model had superior accuracy in both the internal test set
and the external test set (Fig. 4C, F). The calibration curve and Hosmer—Lemeshow
test suggested that the nomogram had good calibration and fit in both the internal and
external test sets (Fig. 4E, I). Moreover, DCA visually showed that the nomogram had an
overall net benefit within a wider threshold probability in the internal test set (Fig. 4K,

Page 9 of 16
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L; Supplementary Fig. 2B, C). Besides, we performed additional analysis to compare
the predictive efficacy of the nomogram with that of a single indicator. The AUC of the
nomogram was better than that of the single factors of SII, SUVmean, and TLG, with
AUCs of 0.696, 0.702, 0.70, and 0.681 for 1-year PFS and AUCs of 0.770, 0.848, and 0.782
for 2-year PFS, respectively in the training set (Supplementary Fig. 1A, D). DCA showed
that the nomogram was superior to the single factors of SII, SUVmean, and TLG in the
training set (Supplementary Fig. 2A), These results suggest that the nomogram functions
well and has excellent predictive capability.

Performance of the nomogram in the risk stratification of patients

The three sets of patients were classified into high- and low-risk groups using the opti-
mal cutoff value of 0.165 obtained from the ROC analysis in the training set. The mPFS
for patients in the low-risk group (#=33) was 16.8 months (95% CI: 12.9-26.0 months),
which was significantly longer than that of the 8.4 months (95% CI: 6.3-11.1 months) for
patients in the high-risk group (n=71) (HR: 0.25, 95% CI: 0.14—0.44, P<0.001) (Fig. 5A).
Similarly, in the internal test set, we also observed a significantly longer mPFS in the
low-risk group than in the high-risk group (mPFS: 13.2 versus 5.8 months, HR: 0.25, 95%
CI: 0.13-0.51, P<0.001) (Fig. 5B). This was supported by the results of the external test
set, where the mPFS was 22.3 months and 9.3 months for the low- and high-risk groups,
respectively, with statistically significant differences (HR: 0.25, 95% CI: 0.10-0.64,
P<0.002) (Fig. 5C). These results indicate that the nomogram model can be applied to
predict the PFS of patients with LA-NSCLC.

Discussion

In the present study, we constructed a nomogram model based on the metabolic features
of PET/CT and the inflammatory indicators of the peripheral blood to predict the PES of
patients with inoperable LA-NSCLC who received concurrent chemoradiotherapy. The
model had promising discrimination, calibration, and clinical applicability. To the best of
our knowledge, this is the first prognostic model for patients with LA-NSCLC that inte-
grates the two dimensions of tumor metabolism and host immune inflammation. The
model can provide valuable information to clinicians for the early identification of sub-
groups of populations of LA-NSCLC with a poor prognosis following CCRT. This will
effectively optimize the treatment strategy at an early stage and provide patients with
appropriate personalized care and intervention management, thus enabling individual-
ized and precise treatment and an improved prognosis.
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Fig.5 Kaplan-Meier curves for PFS of high-risk patients and low-risk patients in the training (A) internal test (B) and
external test set (C). The PFS of patients in the high-risk group was significantly shorter than that of low-risk patients
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The metabolic-volume parameter of '*F-FDG PET/CT has been demonstrated to be
an independent prognostic factor in various kinds of tumors. Using PET/CT as a poten-
tial prognostic indicator has also attracted extensive attention from scholars [9-11].
SUVmax presents information only about individual volume pixels within the tumor but
does not evaluate the volume or heterogeneity of the metabolically active lesions. In con-
trast to it, SUVmean is the mean value of SUV within the sketched ROI, which reflects
the mean uptake of '®F-FDG within the ROI and represents a superior picture of the
metabolic activity of the tumor [24]. TLG, on the other hand, reflects the total glycolytic
rate of the active tumor tissue. It indirectly indicates the active degree of tumor cells and
has been suggested to have an advantage over the other metabolic features of PET/CT in
the prognostic assessment of patients [25-27]. In the study by Moon et al., 234 patients
with stage IV lung adenocarcinoma who underwent PET/CT before chemotherapy were
analyzed. The multivariate Cox proportional risk regression model showed that TLG
was a significant independent predictor of the PFS and OS of patients [25]. For patients
with advanced NSCLC who did not undergo surgery, Yildirim et al. [26] analyzed 110
patients with advanced (stage IIIa-IV) NSCLC, all of whom received CCRT after PET/
CT. A multifactorial Cox proportional risk regression model revealed that only low TLG
(<225.7) was an independent predictor of the OS of patients. The above study suggested
that the greater the tumor burden is, the higher the total metabolic rate and the shorter
the time of cell multiplication, all of which indicated that the prognosis of the patients is
relatively poor.

SII is a newly developed systemic immune inflammatory index that uses neutrophil,
lymphocyte, and platelet counts to quantify systemic inflammation. Compared to a
single or a combination of two indicators [22, 28], SII provides a more comprehensive
picture of the host’s immune status and inflammatory response, and its predictive value
may be superior to that of LMR, NLR, and PLR. SII has been demonstrated to be a novel
prognostic factor for a variety of malignancies, including NSCLC [29-34]. Guo et al. [31]
conducted a retrospective study of 569 patients with NSCLC who underwent surgery.
The result revealed that only SII was an independent prognostic factor for OS accord-
ing to the multivariate analysis. Their findings indicated that SII is a promising prog-
nostic factor with a better predictive value than NLR and PLR for NSCLC patients who
were treated with surgery. Deng et al. retrospectively analyzed 203 NSCLC patients who
were treated with first-line generation EGFR tyrosine kinase inhibitors and evaluated the
prognostic value of SII, NLR, and PLR. The multivariate analysis showed that NLR, PLR,
and SII were independent prognostic factors for PFS, while only SII was an indepen-
dent prognostic factor for OS. This finding also indicates that SII has a relatively higher
prognostic value [32]. A retrospective analysis of patients with NSCLC who were treated
with nivolumab revealed that pretreatment SII was an independent predictor of PFS and
OS [33]. For patients with LA-NSCLC receiving concurrent radiotherapy, a retrospec-
tive study including 332 patients revealed that a high pretreatment SII was significantly
associated with a low treatment response. The pretreatment SII was an important inde-
pendent predictor of OS. Patients with a low SII had a significantly longer median OS
than patients with a high SII (30 months versus 10 months) [34]. The predictive role of
SII as a comprehensive assessment index can be illustrated by the functions of platelets,
neutrophils, and lymphocytes. Platelets can promote the angiogenesis and metastasis
of tumors and protect cancer cells from antitumor immune responses [35]. Neutrophils
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can participate in the proliferation and metastasis of tumors by releasing inflammatory
mediators such as neutrophil elastase and interleukins [36, 37]. Contrary to the func-
tions of platelets and neutrophils, tumor-associated lymphocyte infiltration is generally
indicative of a good prognosis of patients, as the immune response prevents the growth
and metastasis of the tumor [38].

Previous studies have investigated the relationship between the metabolic features of
PET/CT and blood inflammation indicators as well as their prognostic value in malig-
nancies [39—41]. For example, a study of patients with colorectal cancer demonstrated
that NLR and LMR correlated significantly with MTV and TLG [39]. Studies of patients
with head and neck cancers have also revealed a significant positive correlation between
NLR and MTYV and TLG [40]. A retrospective study of 132 patients with NSCLC dem-
onstrated that there was a significant positive correlation between NLR and PLR with
MTYV and LTG., high NLR (26.34), PLR (2291.6), MTV (279.3), and LTG (=674.6) were
significantly associated with a poor prognosis [41]. Based on the above theories, PET/CT
reflects the functional metabolism of tumor cells and can be used to evaluate the biolog-
ical behavior of tumors, while systemic inflammatory immunomarkers can indicate the
balance between pro- and antitumor activity. Their combined application for predictive
analysis of patient prognosis not only reflects the systemic inflammatory response status
of the patients but also represents the metabolic profile of the tumors.

In this study, we constructed a predictive nomogram model for PFS based on SII,
SUVmean, and TLG, which were selected by univariate regression and LASSO. No such
predictive models based on a combined indicator have been reported before. The model
is highly accurate and clinically adaptive compared to a single indicator. The model
exhibits superior predictive performance both in the internal test set and in an indepen-
dent external test set. There are other predictive models (scores or biomarkers) for the
prognosis of patients with NSCLC that have been reported in previous studies. Matteo
et al. [42] constructed an immune metabolic prognostic index (IMPI) for patients with
NSCLC treated with nivolumab based on MTV and SII. The results showed that IMPI
was significantly associated with the prognosis of patients. The mOS of patients with
low, intermediate, and high IMPI was 17.5 months, 9.4 months, and 3.2 months, respec-
tively (p<0.01). In another study of 149 patients with stage III-IV NSCLC receiving che-
motherapy, the researchers constructed a scoring system (SUV-LMR score) based on
SUVmax and LMR. They found that the SUV-LMR score was not only significantly asso-
ciated with the treatment response but was also an independent predictor of PFS and
OS [43]. In addition, studies have reported the prognostic value of NLR, SII and bone
marrow-to-liver SUVmax ratios (BLRs) in patients with advanced NSCLC treated with
chemotherapy or immunotherapy [44]. Compared to these models, our nomogram has
great advantages. In the present study, we screened indicators based on three dimen-
sions of clinical information, PET features and blood inflammation markers to construct
a predictive nomogram model. The richness of its predictors is more sophisticated. In
addition to SII, SUVmean, and TLG, the sex of the patient and CEA were also utilized
for the construction of the nomogram, since they have been demonstrated to corre-
late with the prognosis of patients. Moreover, unlike previous studies, we did not sim-
ply group patients according to the cutoff values and then assign a corresponding score,
ignoring the magnitude of the contribution of factors to the prediction. Our nomogram
sufficiently examines the contribution of each factor to the prognosis and grants them
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appropriate weights in the calculation of the risk score, this results in a more accurate
and individualized prognostic risk score for patients. Importantly, we verified the per-
formance of the nomogram in both the internal and external test sets and found that the
nomogram displayed promising identification, goodness-of-fit, discriminative power,
and clinical effectiveness. Overall, the combination of SII with SUVmean and TLG opti-
mizes the performance of the nomogram model even more, which may provide a quan-
titative and pragmatic predictive tool for risk stratification of patients undergoing CCRT.
Meanwhile, their combination expands the new perspective of integrating SF-FDG
PET/CT images and hematologic inflammatory indicators.

Of course, there are still some limitations of this study. First, this is not a prospective
study, and there are some biases in the collection of the data of patients, such as small
sample size and short observation time, which may have an impact on the stability of
the results. Second, this study only used the features of pretreatment PET/CT and the
pretreatment blood inflammation indicators for the construction of the model, and the
above indicators may change considerably during the treatment period. Whether there
are more appropriate time points for evaluation needs to be further explored. In addi-
tion, definitive evidence is lacking for the correlation between the features of PET and
the inflammatory response. Therefore, basic studies, as well as prospective controlled

clinical trials with larger sample sizes, are needed to validate our results.

Conclusion

We constructed a predictive nomogram model for the PFS of patients with inoperable
LA-NSCLC who received concurrent radiotherapy based on clinical information, met-
abolic features of PET/CT, and the inflammatory indicators of peripheral blood. The
model presents promising discrimination, calibration, and clinical applicability based
on the AUCs of ROC, calibration curves, and decision curve analysis. The nomogram
model is helpful to reasonably and effectively optimize the allocation and utilization of
medical resources at an early stage to provide appropriate care and intervention man-
agement for patients, thereby improving their prognosis.
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18 F-FDG PET/CT 18 F-deoxyglucose positron emission tomography/computed tomography
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PLR Platelet-to-lymphocyte count ratio

ROC Receiver operating characteristic

ROI Region of interest

N Systemic immune-inflammation index
SUVmax Maximum of SUV

SUVmean Mean of SUV

TLG Total lesion glycolysis

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/540658-024-00626-2.

[ Supplementary Material 1: Supplementary Fig. 1 Comparation of the AUCs of the Nomogram with SlI, SUVmean, J



https://doi.org/10.1186/s40658-024-00626-2

Wang et al. EINMMI Physics (2024) 11:24 Page 14 of 16

and TLG for predicting 1-year PFS in the training (A) internal test (B) and external test set (C), as well as for 2-year PFS
(D, E, and F). Abbreviations: AUC: area under the curve; TLG: total lesion glycolysis

Supplementary Material 2: Supplementary Fig. 2 Comparation of the clinical applicability of the Nomogram with
SIl, SUVmean, and TLG by DCA in the training (A) internal test (B) and external test set (C). Abbreviations: SlI: systemic
immune-inflammation index; TLG: total lesion glycolysis; DCA: decision curve analysis

Acknowledgements
The authors thanks to Dr. Chunsheng Wang of Yantai Yuhuangding Hospital for his help in data collection and statistical
analysis.

Author contributions

Methodology: Congjie Wang, Jian Fang, Shanliang Hu, and Tingshu Jiang; Software: Congjie Wang, Shanliang Hu and
Ping Wang; Formal Analysis: Congjie Wang, Jian Fang, Xiuli Liu, and Shenchun Zou; Resources: Jian Fang, Shanliang Hu
and Jun yang; Data Curation: Shanliang Hu and Tingshu Jiang; Writing-Original Draft Preparation: all authors; Writing-
Review & Editing: Jun Yang; Supervision: Jun Yang; Project Administration: Jun Yang.

Funding
The authors declare that no funds, grants, or other support were received during the preparation of this manuscript.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable
request.

Declarations

Ethics approval and consent to participate

The study was approved by the Ethics Committee of Yantai yuhuangding hospital. All procedures performed in studies
involving human participants were in accordance with the ethical standards of the institutional and/or national research
committee and with the 1964 Helsinki declaration and its later amendments or comparable ethical standards. Informed
consent was waived due to the retrospective nature of this study.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 10 November 2023 / Accepted: 27 February 2024
Published online: 05 March 2024

References
1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2021. CA Cancer J Clin. 2021;71(1):7-33. https://doi.org/10.3322/
caac.21654

2. Howlader N, Forjaz G, Mooradian MJ, et al. The effect of advances in lung-cancer treatment on population mortality. N
EnglJ Med. 2020;383(7):640-9. https://doi.org/10.1056/NEJMoa1916623

3. Eberhardt WE, De Ruysscher D, Weder W et al. 2nd ESMO Consensus Conference in Lung Cancer: locally advanced stage
Il'non-small-cell lung cancer. Ann Oncol: Official Journal of the European Society for Medical Oncology. 2015;26(8):1573-
1588. https://doi.org/10.1093/annonc/mdv187

4. Albain KS, Swann RS, Rusch VW, et al. Radiotherapy plus chemotherapy with or without surgical resection for stage Il non-
small-cell lung cancer: a phase Il randomised controlled trial. Lancet. 2009;374(9687):379-86. https://doi.org/10.1016/
s0140-6736(09)60737-6

5. Auperin A, Le Pechoux C, Rolland E, et al. Meta-analysis of concomitant versus sequential radiochemotherapy in locally
advanced non-small-cell lung cancer. J Clin Oncol. 2010;28(13):2181-90. https://doi.org/10.1200/JC0.2009.26.2543

6. Viney RC, Boyer MJ, King MT, et al. Randomized controlled trial of the role of positron emission tomography in the
management of stage I and Il non-small-cell lung cancer. J Clin Oncol. 2004;22(12):2357-62. https://doi.org/10.1200/
JCO.2004.04.126

7. Eze C, Schmidt-Hegemann NS, Sawicki LM, et al. PET/CT imaging for evaluation of multimodal treatment efficacy and
toxicity in advanced NSCLC-current state and future directions. Eur J Nucl Med Mol Imaging. 2021;48(12):3975-89. https://
doi.org/10.1007/500259-021-05211-8

8. Grootjans W, de Geus-Oei LF, Troost EG, Visser EP, Oyen WJ, Bussink J. PET in the management of locally advanced and
metastatic NSCLC. Nat Rev Clin Oncol. 2015;12(7):395-407. https://doi.org/10.1038/nrclinonc.2015.75

9. van Loon J, van Baardwijk A, Boersma L, Ollers M, Lambin P, De Ruysscher D. Therapeutic implications of molecular
imaging with PET in the combined modality treatment of lung cancer. Cancer Treat Rev. 2011;37(5):331-43. https://doi.
0rg/10.1016/j.ctrv.2011.01.005

10.  Vokes EE, Govindan R, Iscoe N, et al. The impact of staging by positron-emission tomography on overall survival and
progression-free survival in patients with locally advanced NSCLC. J Thorac Oncol. 2018;13(8):1183-8. https://doi.
0rg/10.1016/},jtho.2018.04.028

11. Cremonesi M, Gilardi L, Ferrari ME, et al. Role of interim (18)F-FDG-PET/CT for the early prediction of clinical outcomes of
non-small cell lung cancer (NSCLC) during radiotherapy or chemo-radiotherapy. A systematic review. Eur J Nucl Med Mol
Imaging. 2017;44(11):1915-27. https://doi.org/10.1007/500259-017-3762-9


https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21654
https://doi.org/10.1056/NEJMoa1916623
https://doi.org/10.1093/annonc/mdv187
https://doi.org/10.1016/s0140-6736(09)60737-6
https://doi.org/10.1016/s0140-6736(09)60737-6
https://doi.org/10.1200/JCO.2009.26.2543
https://doi.org/10.1200/JCO.2004.04.126
https://doi.org/10.1200/JCO.2004.04.126
https://doi.org/10.1007/s00259-021-05211-8
https://doi.org/10.1007/s00259-021-05211-8
https://doi.org/10.1038/nrclinonc.2015.75
https://doi.org/10.1016/j.ctrv.2011.01.005
https://doi.org/10.1016/j.ctrv.2011.01.005
https://doi.org/10.1016/j.jtho.2018.04.028
https://doi.org/10.1016/j.jtho.2018.04.028
https://doi.org/10.1007/s00259-017-3762-9

Wang et al. EINMMI Physics (2024) 11:24

20.

21,

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

Adams MC, Turkington TG, Wilson JM, Wong TZ. A systematic review of the factors affecting accuracy of SUV measure-
ments. AJR Am J Roentgenol. 2010;195(2):310-20. https://doi.org/10.2214/AJR.10.4923

Boellaard R, Krak NC, Hoekstra OS, Lammertsma AA. Effects of noise, image resolution, and ROI definition on the
accuracy of standard uptake values: a simulation study. J Nuclear Medicine: Official Publication Soc Nuclear Med.
2004/45(9):1519-27.

Visvikis D, Ell PJ. Impact of technology on the utilisation of positron emission tomography in lymphoma: current and
future perspectives. Eur J Nucl Med Mol Imaging. 2003;30(Suppl 1):106-16. https://doi.org/10.1007/500259-003-1168-3
Finessi M, Bisi G, Deandreis D. Hyperglycemia and 18F-FDG PET/CT, issues and problem solving: a literature review. Acta
Diabetol. 2020;,57(3):253-62. https://doi.org/10.1007/500592-019-01385-8

Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 2011;144(5):646-74. https://doi.org/10.1016/j.
cell.2011.02.013

Elinav E, Nowarski R, Thaiss CA, Hu B, Jin C, Flavell RA. Inflammation-induced cancer: crosstalk between tumours, immmune
cells and microorganisms. Nat Rev Cancer. 2013;13(11):759-71. https://doi.org/10.1038/nrc3611

Greten FR, Grivennikov SI. Inflammation and cancer: triggers, mechanisms, and consequences. Immunity. 2019;51(1):27-
41. https://doi.org/10.1016/j.immuni.2019.06.025

Cannon NA, Meyer J, lyengar P, et al. Neutrophil-lymphocyte and platelet-lymphocyte ratios as prognostic factors after
stereotactic radiation therapy for early-stage non-small-cell lung cancer. J Thorac Oncol. 2015;10(2):280-5. https://doi.
0rg/10.1097/JT0.0000000000000399

Porrata LF, Ristow K, Colgan JP, et al. Peripheral blood lymphocyte/monocyte ratio at diagnosis and survival in classical
Hodgkin's lymphoma. Haematologica. 2012;97(2):262-9. https://doi.org/10.3324/haematol.2011.050138

Mandaliya H, Jones M, Oldmeadow C, Nordman II. Prognostic biomarkers in stage IV non-small cell lung cancer (NSCLC):
neutrophil to lymphocyte ratio (NLR), lymphocyte to monocyte ratio (LMR), platelet to lymphocyte ratio (PLR) and
advanced lung cancer inflammation index (ALI). Trans| Lung Cancer Res. 2019,8(6):886-94. https://doi.org/10.21037/
tlcr.2019.11.16

Giuliani C. The flavonoid quercetin induces AP-1 activation in FRTL-5 thyroid cells. Antioxid (Basel). 2019;8(5). https://doi.
0rg/10.3390/antiox8050112

lasonos A, Schrag D, Raj GV, Panageas KS. How to build and interpret a nomogram for cancer prognosis. J Clin Oncol.
2008,26(8):1364-70. https://doi.org/10.1200/JC0.2007.12.9791

Wang C, Zhao K, Hu S, et al. A predictive model for treatment response in patients with locally advanced esophageal
squamous cell carcinoma after concurrent chemoradiotherapy: based on SUVmean and NLR. BMC Cancer. 2020;20(1):544.
https://doi.org/10.1186/512885-020-07040-8

Moon SH, Sun JM, Ahn JS, et al. Predictive and prognostic value of (18)F-fluorodeoxyglucose uptake combined with
thymidylate synthase expression in patients with advanced non-small cell lung cancer. Sci Rep. 2019;9(1):12215. https://
doi.org/10.1038/541598-019-48674-4

Yildirim F, Yurdakul AS, Ozkaya S, Akdemir UO, Ozturk C. Total lesion glycolysis by 18F-FDG PET/CT is independent
prognostic factor in patients with advanced non-small cell lung cancer. Clin Respir J. 2017;11(5):602-11. https://doi.
0rg/10.1111/crj. 12391

Li QW, Zheng RL, Ling YH, et al. Prediction of tumor response after necadjuvant chemoradiotherapy in rectal cancer using
(18)fluorine-2-deoxy-D-glucose positron emission tomography-computed tomography and serum carcinoembryonic
antigen: a prospective study. Abdom Radiol (NY). 2016;41(8):1448-55. https://doi.org/10.1007/500261-016-0698-7
Ozkan EE, Kaymak Cerkesli ZA, Erdogan M. Predictive value of immune-inflammation indices in metabolic response and
outcome after curative radiotherapy in patients with non-small cell lung cancer. Clin Respir J. 2020;14(9):849-56. https://
doi.org/10.1111/crj.13217

Aziz MH, Sideras K, Aziz NA, et al. The systemic-immune-inflammation index independently predicts survival and recur-
rence in resectable pancreatic cancer and its prognostic value depends on bilirubin levels: a retrospective multicenter
cohort study. Ann Surg. 2019;270(1):139-46. https://doi.org/10.1097/SLA.0000000000002660

Huang Y, Gao Y, Wu Y, Lin H. Prognostic value of systemic immune-inflammation index in patients with urologic cancers: a
meta-analysis. Cancer Cell Int. 2020;20:499. https://doi.org/10.1186/512935-020-01590-4

Guo W, Cai S, Zhang F, et al. Systemic immune-inflammation index (SlI) is useful to predict survival outcomes

in patients with surgically resected non-small cell lung cancer. Thorac Cancer. 2019;10(4):761-8. https://doi.
org/10.1111/1759-7714.12995

Deng C, Zhang N, Wang Y, et al. High systemic immune-inflammation index predicts poor prognosis in advanced

lung adenocarcinoma patients treated with EGFR-TKIs. Med (Baltim). 2019;98(33):16875. https://doi.org/10.1097/
MD.0000000000016875

Liu J, Li S, Zhang S, et al. Systemic immune-inflammation index, neutrophil-to-lymphocyte ratio, platelet-to-lymphocyte
ratio can predict clinical outcomes in patients with metastatic non-small-cell lung cancer treated with nivolumab. J Clin
Lab Anal. 2019;33(8):e22964. https://doi.org/10.1002/jcla.22964

Tong YS, Tan J, Zhou XL, Song YQ, Song YJ. Systemic immune-inflammation index predicting chemoradiation resis-
tance and poor outcome in patients with stage Il non-small cell lung cancer. J Transl Med. 2017;15(1):221. https://doi.
0rg/10.1186/512967-017-1326-1

Franco AT, Corken A, Ware J. Platelets at the interface of thrombosis, inflammation, and cancer. Blood. 2015;126(5):582-8.
https://doi.org/10.1182/blood-2014-08-531582

Elalfy H, Besheer T, El-Maksoud MA, et al. Monocyte/granulocyte to lymphocyte ratio and the MELD score as predictors for
early recurrence of hepatocellular carcinoma after trans-arterial chemoembolization. Br J Biomed Sci. 2018;75(4):187-91.
https://doi.org/10.1080/09674845.2018.1494769

Moses K, Brandau S. Human neutrophils: their role in cancer and relation to myeloid-derived suppressor cells. Semin
Immunol. 2016;28(2):187-96. https://doi.org/10.1016/j.5mim.2016.03.018

Liu J, Shi Z, BaiY, Liu L, Cheng K. Prognostic significance of systemic immune-inflammation index in triple-negative breast
cancer. Cancer Manag Res. 2019;11:4471-80. https://doi.org/10.2147/CMAR.S197623

Xu J,LiY,HuS, Lu L, Gao Z, Yuan H. The significant value of predicting prognosis in patients with colorectal cancer using
(18)F-FDG PET metabolic parameters of primary tumors and hematological parameters. Ann Nucl Med. 2019;33(1):32-8.
https://doi.org/10.1007/s12149-018-1299-z

Page 15 of 16


https://doi.org/10.2214/AJR.10.4923
https://doi.org/10.1007/s00259-003-1168-3
https://doi.org/10.1007/s00592-019-01385-8
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1038/nrc3611
https://doi.org/10.1016/j.immuni.2019.06.025
https://doi.org/10.1097/JTO.0000000000000399
https://doi.org/10.1097/JTO.0000000000000399
https://doi.org/10.3324/haematol.2011.050138
https://doi.org/10.21037/tlcr.2019.11.16
https://doi.org/10.21037/tlcr.2019.11.16
https://doi.org/10.3390/antiox8050112
https://doi.org/10.3390/antiox8050112
https://doi.org/10.1200/JCO.2007.12.9791
https://doi.org/10.1186/s12885-020-07040-8
https://doi.org/10.1038/s41598-019-48674-4
https://doi.org/10.1038/s41598-019-48674-4
https://doi.org/10.1111/crj.12391
https://doi.org/10.1111/crj.12391
https://doi.org/10.1007/s00261-016-0698-7
https://doi.org/10.1111/crj.13217
https://doi.org/10.1111/crj.13217
https://doi.org/10.1097/SLA.0000000000002660
https://doi.org/10.1186/s12935-020-01590-4
https://doi.org/10.1111/1759-7714.12995
https://doi.org/10.1111/1759-7714.12995
https://doi.org/10.1097/MD.0000000000016875
https://doi.org/10.1097/MD.0000000000016875
https://doi.org/10.1002/jcla.22964
https://doi.org/10.1186/s12967-017-1326-1
https://doi.org/10.1186/s12967-017-1326-1
https://doi.org/10.1182/blood-2014-08-531582
https://doi.org/10.1080/09674845.2018.1494769
https://doi.org/10.1016/j.smim.2016.03.018
https://doi.org/10.2147/CMAR.S197623
https://doi.org/10.1007/s12149-018-1299-z

Wang et al. EINMMI Physics (2024) 11:24

40.

41.

42.

43.

44,

Werner J, Strobel K, Lehnick D, Rajan GP. Overall neutrophil-to-lymphocyte ratio and SUVmax of nodal metastases

predict outcome in head and neck cancer before chemoradiation. Front Oncol. 2021;11:679287. https://doi.org/10.3389/
fonc.2021.679287

Goksel S, Cengiz A, Ozturk H, Yurekli Y. Prognostic impact of the (18)F-fluorodeoxyglucose positron-emission tomography/
computed tomography metabolic parameters and correlation with hematological inflammatory markers in lung cancer. J
Cancer Res Ther. 2021;17(4):925-30. https://doi.org/10.4103/jcrt JCRT_1046_20

Bauckneht M, Genova C, Rossi G, et al. The role of the immune metabolic prognostic index in patients with non-small cell
lung cancer (NSCLC) in radiological progression during treatment with nivolumab. Cancers (Basel). 2021;13(13). https://
doi.org/10.3390/cancers13133117

Zhao K, Wang C, Shi F, et al. Combined prognostic value of the SUVmax derived from FDG-PET and the lymphocyte-
monocyte ratio in patients with stage llIB-IV non-small cell lung cancer receiving chemotherapy. BMC Cancer.
2021;21(1):66. https://doi.org/10.1186/512885-021-07784-x

Seban RD, Assie JB, Giroux-Leprieur E, et al. Prognostic value of inflammatory response biomarkers using peripheral

blood and [18F)-FDG PET/CT in advanced NSCLC patients treated with first-line chemo- or immunotherapy. Lung Cancer.
2021;159:45-55. https://doi.org/10.1016/j.lungcan.2021.06.024

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 16 of 16


https://doi.org/10.3389/fonc.2021.679287
https://doi.org/10.3389/fonc.2021.679287
https://doi.org/10.4103/jcrt.JCRT_1046_20
https://doi.org/10.3390/cancers13133117
https://doi.org/10.3390/cancers13133117
https://doi.org/10.1186/s12885-021-07784-x
https://doi.org/10.1016/j.lungcan.2021.06.024

	﻿Development and validation of a prognostic nomogram model in locally advanced NSCLC based on metabolic features of PET/CT and hematological inflammatory indicators
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Patients and data collection
	﻿Treatment protocols and follow-up
	﻿PET/CT imaging data
	﻿Hematology data
	﻿Prognostic factors selection and nomogram development
	﻿Performance of the nomogram
	﻿Risk group stratification based on the nomogram
	﻿Statistical analysis

	﻿Results
	﻿Patient characteristics
	﻿Factor selection and construction of the nomogram
	﻿Performance evaluation
	﻿Performance of the nomogram in the risk stratification of patients

	﻿Discussion
	﻿Conclusion
	﻿References


