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Abstract
Purpose  We aimed to elucidate the potential mechanisms of effective responsiveness to PD-1 monoclonal antibody 
and evaluate more reliable biomarkers to improve the ability to predict the populations of cervical cancer (CC) suitable 
for immunotherapy.
Methods  Peripheral blood samples of CC patients undergoing anti-PD-1 therapy were collected before and after treat-
ment. Differentially expressed genes (DEGs) were analyzed between partial response (PR) and progressive disease (PD) 
patients. A novel prognostic inflammation and immune–related response gene (IRRG) model was constructed and its 
prognostic role, correlation with tumor immunity and tumor mutation were evaluated.
Results  DEGs in PR patient after treatment could predict the response to PD-1 monoclonal antibodies. Among PR-specific 
pathways, tumor immunity, leukocyte migration, and cytokine activities were prominently enriched. Additionally, an 
IRRG signature comprising CTLA4, AZU1, C5, LAT, CXCL2, GDF7, MPL, PPARG and CELA1 was established and validated to 
predict the prognosis of CC with great accuracy and specificity. This signature could reflect the tumor microenvironment 
(TME) and tumor mutational burden (TMB). We also found stimulated adaptive immunity and downregulated inflamma-
tion at baseline in patients with sensitive responses to PD-1 monoclonal antibody.
Conclusion  We developed an IRRG signature and verified that it was an independent prognostic factor for predicting 
survival and could reflect a sensitive response to PD-1 monoclonal antibody, which plays a nonnegligible role in the TME 
of CC. Further investigations are warranted to confirm that patients with stimulated adaptive immunity and downregu-
lated inflammation at baseline could achieve a better survival benefit from PD-1 monoclonal antibody.

Keywords  Cervical cancer · PD-1 monoclonal antibody · Tumor immunotherapy · Inflammation · Immune-related 
response gene signature
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1  Introduction

Cervical cancer (CC) is the second leading cause of cancer death in women, and the 5-year overall survival (OS) is only approxi-
mately 15% when it progresses to recurrence or metastasis [1, 2]. Programmed cell death-1 (PD-1) monoclonal antibody 
has been a promising therapeutic approach for CC [3–7]. It was first recommended by the National Comprehensive Cancer 
Network (NCCN) in 2018 for recurrent CC patients with “MSI-H/dMMR” subtype gene mutation [8], and has been suggested 
as a second-line therapy for patients with high PD-L1 expression in 2019. However, nearly 75% of patients do not effectively 
respond to anti-PD-1 therapy [9], and responses to pembrolizumab do not necessarily correlate with PD-L1 expression in CC 
study cohorts [10, 11], emphasizing the need for the stratification of patients who are likely to benefit from PD-1 monoclonal 
antibody.

Sensitive responses to anti-PD-1 therapy are dependent not only on the specific tumor properties but also on the activated 
immune system [12, 13]. To date, various predictive biomarkers, such as the frequencies of subsets of CD8+ T cells, CD4+ T cells, 
neutrophils and suppressive macrophages, have been discovered to be useful in monitoring the immune status of the host 
by examining cell compartments at tumor sites or in peripheral blood [14, 15]. Cytokines or chemokines, which are important 
immune regulators, were also identified as responder biomarkers [16]. However, the clinical usage of these biomarkers is far 
from fulfilled, and their predictive value is limited. This provided the rationale to evaluate more reliable biomarkers for the 
treatment response to immunotherapy.

Inflammation which is an emerging hallmark of cancer, is closely linked to tumorigenesis by interacting with all stages of 
cancer development through the inflammatory tumor microenvironment (TME) [17]. Several studies indicate that inflam-
mation could predispose cells to the tumor generation via an inhibitory effect on antitumor immunity, changing the host 
immunity status toward a more tumor-promotive state by multiple signals and influencing immune, epithelial and cancer 
cells [18]. The interplay of inflammatory infiltration and pathways related to the immune response and tumorigenesis is 
complex and equivocal. On the one hand, activation of innate immune pathways is an essential precondition for the genera-
tion of adaptive immune responses, which is a prerequisite for effective immunotherapy responses and antitumor immune 
responses [19, 20]. On the other hand, the persistent existence of inflammatory substances will cause immunosuppression, 
which in turn promotes tumorigenesis [21].

In addition, an increasing number of studies have shown that inflammatory mediators play a pivotal role in both CC 
tumorigenesis and the immunotherapy response [22]. Thus, we focused on the potential of targeting inflammatory and 
immune pathways to shape the TME to favor checkpoint inhibition monotherapy. To date, several inflammatory and immune-
based prognostic scores have been employed to predict prognosis and cancer immunotherapy efficacy in several cancers, 
such as the tumor inflammation signature (TIS) [23], the systematic immune-inflammation index (SII), and the panimmune-
inflammation value (PIV) [24]. Nevertheless, the underlying molecular mechanisms that dictate the balance between the 
adaptive immune system and inflammatory factors within the TME remain unclear [25]. Precise, novel, and more predictive 
immune-inflammation molecular biomarkers have not yet been investigated thoroughly in CC patients.

In this study, we examined the gene expression of two kinds of patients (partial response (PR) and progressive disease 
(PD) patients) before and after treatment by blood-based tests in an attempt to determine the reasons for the different 
responses to the PD-1 monoclonal antibody, which is simple and patient-friendly. Here, we demonstrated that low baseline 
levels of inflammatory pathways such as the TNF, MAPK, NF-kappa B, IL-17 and HIPPO signaling pathways, and high levels 
of adaptive immune responses, e.g., T-cell activation and chemokine costimulation are predictors of sensitive responses to 
PD-1 monoclonal antibody. Additionally, an independent prognostic model based on an immune and inflammation-related 
response gene (IRRG) signature, which could reflect the TME of CC, was discovered and constructed by transcriptome analysis 
and The Cancer Genome Atlas (TCGA) database. A nomogram including the IRRG model was constructed to achieve better 
and more precise patient follow-up. Collectively, our findings discuss the clinical consideration of specific indications for PD-1 
monoclonal antibody usage and demonstrate that this prognostic IRRG model plays essential roles in the stratification of 
patients likely to respond to anti-PD-1 monotherapy and in managing the prognosis of patients with CC.
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2 � Materials and methods

2.1 � Sample collection

Patients diagnosed with CC who showed disease progression after chemotherapy and were treated with a PD-1 
monoclonal antibody were included. All participants provided informed consent. The study followed the principles 
of the Declaration of Helsinki. The study was approved by the ethics committee of Qilu Hospital, Shandong University 
(Date: 2019/02/27, No. 2019004).

2.2 � Usage and dosage

Anti-PD-1 protein was administered intravenously every 2 weeks at a dose of 3 mg/kg.

2.3 � PD‑L1 immunohistochemistry (IHC) staining

IHC staining was used to detect PD-L1 expression in formalin-fixed paraffin-embedded (FFPE) tumor tissue using 
E1L3N (AMoydx, Xiamen, CHN). PD-L1 expression was evaluated by the combined positive score (CPS), and a threshold 
of 1 was used to describe PD-L1 positivity (≥ 1) or negativity (0).

2.4 � Evaluation method

The target lesion was evaluated by spiral enhanced CT. Efficacy was assessed by using the Response Evaluation 
Criteria in Solid Tumors (RECIST version 1.1).

2.5 � Transcriptome analysis

Total RNA was isolated from patient peripheral blood samples using TRIzol reagent (Invitrogen) and then next-generation 
sequencing was performed by Novogene Co., Ltd. (Beijing, China). Differentially expressed genes (DEGs) between PR and PD 
patients prior to treatment initiation and after treatments were analyzed using edge R software. |Fold change|> 2 and p < 0.05 
were used as the thresholds. Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis were performed with OmicShare tools, a platform for data analysis (https://​www.​omics​hare.​com/​tools). Enrichment 
analyses were performed using the Reactome dataset and DO dataset from OvoMagic (https://​magic.​novog​ene.​com). The pre-
dicted interactions for the IRRGs were performed with the Search Tool for the Retrieval of Interacting Genes (STRING) database.

2.6 � Construction of the inflammation and immune—related PD‑1 response gene signature and its clinical value

The Genotype-Tissue Expression (GTEx) and TCGA databases were used to download the data of normal cervix tissues and 306 
CC patients’ transcriptome data with clinical information (Supplementary Table 1). Leas absolute shrinkage and selection opera-
tor (LASSO) regression was performed to identify an IRRG signature. The risk score was calculated for each sample according to 
the following formula: risk score =

∑n

i=1
Coef i ∗ Xi . Coef i is the coefficient of IRRGs and Xi is the gene expression value. Then, the 

patients were divided into high-risk score and low-risk score groups based on the best cutoff values and median cutoff values. 
Next, correlations of survival analysis, immune cell infiltration [26], and tumor mutational burden (TMB) [27] with the risk score 
were investigated. Finally, a nomogram was constructed on the basis of multivariate Cox regression analysis to ensure that this 
model was an independent prognostic factor for CC.

2.7 � RNA isolation and quantitative real‑time PCR (qRT–PCR)

Total RNA was extracted from CC and normal cervical tissues from six patients with TRIzol reagent (Invitrogen). RNA 
was reverse transcribed with the HiScript II Q RT SuperMix for qPCR Kit (Vazyme). Then, qPCR was performed using 

https://www.omicshare.com/tools
https://magic.novogene.com
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SYBR Green mix (Vazyme) on a QuantStudio 3 system (Applied Biosystems, USA) to measure the expression levels of 
IRRGs. GAPDH was used as a control. The 2 − ΔΔCt method was used to quantify the qPCR data.

2.8 � Statistical analysis

SPSS Statistics (version 26) and Prism (version 9) were used to perform statistical analysis. Student’s t test was used 
to determine significance. R software packages (version 4.1.0) were used to analyze the clinical values of the IRRG 
model and to generate plots. The significance threshold was set at P-value < 0.05.

3 � Results

3.1 � Patient characteristics

The patient demographics and clinical outcomes following PD-1 monoclonal antibody treatment are summarized in Table 1. 
In total, four patients were included and had adequate tumor tissues available for PD-L1 staining. The staging of cancer was 
determined as International Federation of Gynecology and Obstetrics (FIGO) stage IV. All patients received type IV radi-
cal hysterectomy and pelvic lymphadenectomy, chemotherapy and radiotherapy but relapsed. These patients all received 

Table 1   Patient and tumor characteristics, treatment and outcome

ADC Adenocarcinoma; SCC: Squamous cell carcinoma; FIGO International Federation of Gynecology and Obstetrics; Histological grade I (well 
differentiated), II (moderately differentiated), III (poorly differentiated); LVSI lympho-vascular space invasion; Stromal invasion Superficial 1/3, 
Middle 1/3, Deep 1/3; CT chemotherapy; RT radiotherapy

Characteristics of patients

No. of cases (PD1( +))

1 2 3 4

Age (years) 56 36 61 39
FIGO stage (2018) IV IV IV IV
Silva s C C C C
Histological grade ADC, III SCC, III SCC, III SCC, III
Tumor shape Infiltrative Infiltrative Infiltrative Infiltrative
Status of lymph node Positive Positive Positive Positive
Status of resection margins Negative Negative Negative Negative
Parametrium involvement Yes No Yes Yes
LVSI Yes Yes Yes Yes
Stromal invasion Deep 1/3 Deep 1/3 Deep 1/3 Deep 1/3
Tumor size, cm  ≥ 4  ≥ 4  ≥ 4  ≥ 4
Operation method Laparoscopy Laparoscopy Laparotomy Laparotomy
Type of surgery Type IV radical hysterec-

tomy and
pelvic lymphadenectomy

Type IV radical hysterec-
tomy and

pelvic lymphadenectomy

Type IV radical hysterec-
tomy and

pelvic lymphadenec-
tomy

Type IV radical 
hysterectomy 
and

pelvic lymphad-
enectomy

Clinical response PD PD PD PR
Adjuvant therapy
CT cycle 5 8 4 11
RT cycle 28 1 25 25
RT Range Pelvic Pelvic Pelvic Pelvic
Comorbidity Thrombosis history;

hypertension
Renal insufficiency
(stage I)

Diabetes;
hypertension

Anemia (stage II)
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(a)

(b)

(c)

(d)

Fig. 1   Timeline of patients’ receiving treatments and status. A PR patient receiving treatments and status before PD-1 monoclonal antibody 
therapy (Patient 4). B–D PD patient receiving treatments and disease status before PD-1 monoclonal antibody therapy (Patient 1–3)
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(a)

(c)

(b)

(d)

(e) (f)

(g)

(i) (j)

(h)

Fig. 2   Detection of clinical indicators of patients. A–H Image changing trend of target lesion size of patients. I Change trend of peripheral blood lymphocyte 
ratio of patients. J PD-L1 expression of immunohistochemistry staining. The combined positive score (CPS) was used to represent the expression level
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Fig. 3   Global transcriptome changes between PR and PD patients before and after treatment. A Heatmap showing DEGs between PR and PD patients prior to 
PD-1 monoclonal antibody treatment. B, C GO analysis of upregulated (b) and downregulated (c) genes between PR and PD patients before treatment. D Path-
way analysis of downregulated genes between PR and PD patients before treatment. E–F Volcano plots of DEGs in PR (e) and PD patients (f ) after treatment. 
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combined chemotherapy based on platinum and paclitaxel. One patient experienced metastasis and received combined 
chemotherapy including gemcitabine and cisplatin after metastasis. The patient treatment timeline is shown in Fig. 1.

3.2 � Patient outcomes following anti‑PD‑1 therapy

One patient (Patient 4) (one out of four patients, 25%) experienced a clinical benefit after 4 cycles of anti-PD-1 therapy with 
a 9-month progression-free survival (PFS) at the end point of observation. This patient had PR according to RECIST 1.1. In 
contrast, three patients (three out of four patients, 75%) had PD and did not experience a clinical benefit, which was con-
firmed with a scan after 3 months.

3.3 � Imaging changes after anti‑PD‑1 therapy

Representative radiologic responses after every cycle of anti-PD-1 therapy are shown in Fig. 2A–G. Of the 4 patients, 1 patient 
(patient 4, 25%) had PR with a target lesion in the right pelvic cavity shrinking from 65 to 38 mm. The sum of lesion diameters 
(SOD) value declined 15%, 30.9%, and 18.5% in each evaluation (Fig. 2A, B). Three patients (75%) had disease progression. 
Patient 1 had increased SOD values of 17.5% and 40% each (Fig. 2C, D). Patient 2 developed right lung metastasis, while the 
target tumor SOD decreased 1.77% and 2.2% (Fig. 2E, F). The target tumor SOD in patient 3 increased 31.25% 2 months later 
(Fig. 2G, H).

3.4 � Relationship between clinical features and response to anti‑PD‑1 monoclonal antibody

3.4.1 � Hemogram analysis

It is vital to distinguish anti-PD-1 antibody responders from nonresponders by evaluating whether they are at the stage of 
reversible or irreversible CD8+ T-cell exhaustion by monitoring peripheral blood lymphocytes [28]. We investigated the cor-
relation between putative circulating biomarkers and the response to anti-PD-1 antibody. Four patients underwent blood 
tests prior to treatment initiation and after treatment up to 5 to 10 months. The peripheral blood lymphocyte ratio was 
collected and evaluated. As shown in Fig. 2I, Patient 4 (PR patient) with a clinical response had increased peripheral blood 
lymphocytes every time after treatment except for the third treatment. In contrast, PD patients (Patients 1–3) showed no 
increase in the peripheral blood lymphocyte ratio, indicating that patients with PD might be at the stage of irreversible 
exhaustion and would not respond to anti-PD-1 antibody. This might be a reason why PR patient responded sensitively to 
anti-PD-1 antibody and obtained clinical benefits because of her activated immune system marked by systemically elevated 
peripheral blood lymphocytes, indicating that she has a strong lymphocyte sparing capacity.

3.4.2 � PD‑L1 assessment in tumors

Then, we analyzed PD-L1 expression in tumor samples using CPS. Surprisingly, patient outcomes were less correlated with 
PD-L1 expression. A CPS of 15 was observed in Patient 2, who had rapid symptomatic progression and symptomatic disease 
progression (Fig. 2J).

3.5 � Global changes in the transcriptome map of responders and nonresponders

We conducted whole blood RNA-seq for four patients (1 with clinical benefit, 3 without clinical benefit) at baseline and 
during treatment. The on-treatment samples were collected after 3 cycles of anti-PD-1 therapy.

First, to discover potential critical biomarkers to predict the anti-PD-1 antibody response of patients without any 
treatment, we compared DEGs between PR and PD patients at baseline prior to anti-PD-1 therapy initiation (Fig. 3A, 
Supplementary Table 2). Interestingly, in PR patient, GO terms such as the adaptive immune response, lymphocyte and 
T-cell costimulation, and regulation of various immune cells, such as lymphocytes and granulocytes, were significantly 

Fig. 4   Establishment of an inflammatory and immune-related anti-PD-1 response gene (IRRG) panel. A Flow chart of IRRG selection and 
analysis. B Thirty-five IRRGs were intersected between 414 protein-coding DEGs in PR patient compared with PD patients after treatment 
and inflammatory and immune-related genes identified by GO database. C Protein–protein interaction analysis of 35 IRRGs by STRING data-
base. D Correlation heatmap between IRRGs and immune cells. *P < 0.05, **P < 0.01, ***P < 0.001

▸
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activated (Fig. 3B). Neutrophil activation, response to bacteria and pathways, including the MAPK signaling pathway, 
NF-kappa B signaling pathway, TNF signaling pathway, IL-17 signaling pathway and transcriptional misregulation in 
cancer identified by GO and KEGG databases, were negatively regulated (Fig. 3C, D), indicating that the adaptive immune 
system was stimulated and inflammation was downregulated in PR patient compared with PD patients before treatment.

Next, we performed transcriptome sequencing of pretreatment and posttreatment peripheral blood samples obtained 
from the 4 patients to investigate the landscape of transcriptome alterations between patients with and without clinical 
benefit after treatment. A total of 593 upregulated genes and 282 downregulated genes were identified in PR patient 
after treatment (Fig. 3E, Supplementary Table 3), compared with 48 upregulated genes and 60 downregulated genes in 
PD patients (Fig. 3F, Supplementary Table 4). The number of alterable genes in PR patient was much greater than that in 
PD patients, indicating that PR patient may be more sensitive to PD-1 monoclonal treatment.

Then, we took the intersection of two changed gene sets in PR and PD patients to select PR patient-specific DEGs 
by excluding PD patient DEGs (Fig. 3G). A total of 866 genes were selected, together with 4 overlapping genes that 
were oppositely regulated in the two kinds of patients (1 downregulated gene in PR patient that was upregulated in 
PD patients, and 3 upregulated genes in PR patient that were downregulated in PD patients). We called these total 870 
genes the changing fate gene set, which was assumed to perform antitumor functions and increase body sensitivity to 
anti-PD-1 therapy (Supplementary Table 5).

We conducted functional enrichment analysis of the changing-fate genes in PR patient. The analysis revealed that 
adaptive immune pathways and inflammation regulatory pathways were highly enriched. B and T cell receptor signaling 
pathway, Th17, Th1 and Th2 cell differentiation, the MAPK signaling pathway and the interleukin-17 signaling pathway 
were identified using the REACTOME database (Fig. 3H). The NF-kappa B and MAPK signaling pathways, which play 
critical roles in the inflammation process [29, 30], were identified by KEGG analysis (Fig. 3I). GO terms such as immune 
system, infectious diseases and cancers especially female reproductive organ cancer were highly enriched (Fig. 3J). DO 
analysis showed that the functions of the changing-fate genes were associated with female reproductive organ cancer 
progression, infectious disease initiation and tumor immunity (Fig. 3K). All DEGs that were divided into upregulated and 
downregulated groups with log fold change are separately exhibited in Supplementary Table 6 and 7.

3.6 � Establishment of a differentially expressed IRRG panel as a prognostic model

Based on DEG functional analysis, we assumed that inflammatory and immune responses played an essential role in 
regulating effective responses to PD-1 monoclonal antibody treatment. Therefore, we sought to identify prognostic 
inflammatory and immune–related genes in CC. A flowchart was drawn to elaborate the gene selection progress more 
visually, as shown in Fig. 4A. Among the 414 protein-coding genes, we identified 104 immune-related pathways and 35 
inflammatory and immune–related DEGs (Fig. 4A, B). Protein–protein interactions were generated by the STRING data-
base to explore gene interactions (Fig. 4C). The correlation analysis between 35 inflammatory and immune–related DEGs 
and immune cell proportions was performed by the ssGSEA algorithm using the TCGA CC database [31, 32] (Fig. 4D). The 
results indicated that the upregulated DEGs such as CTLA4, LAT, INHBA, ELANE, CXCL2 and PTGER3, were significantly 
positively correlated with CD8 + T cells, cytotoxic cells, macrophages, dendritic cells, neutrophils and regulatory T cells, 
while the downregulated IRRGs, such as LEFTY1, FABP5, POMC, IL17D and GNRH1, were negatively correlated with those 
immune cells, indicating that the immune system of PR patient was significantly activated (Fig. 4D).

Twenty-six of 35 inflammatory and immuno-related genes (74.29%) were upregulated in PR patient (Fig. 5A). We veri-
fied the expression levels of the inflammatory and immune–related DEGs between CC and normal cervical tissues in the 
GSE173097 dataset and across cancers in TCGA (Fig. 5B, C). We found that downregulated genes in PR patient, such as 
IL17D, MDK and GNRH1, which are known for their role in the innate immune system, are unfavorable prognostic factors 
highly expressed in primary cervical tumors and across cancers (Fig. 5C). Upregulated genes in PR patient such as AZU1, 
CDH1 and GDF7, are favorable factors expressed at low levels in CC samples in TCGA (Fig. 5D). Interestingly, we observed 
that CTLA4 was upregulated in patients with a clinical benefit, which is an inhibitory receptor for cytotoxic T lymphocyte 
(CTL) activation (Fig. 5D). We believe that these inflammatory and immune–related DEGs are the key regulators in PR 

Fig. 5   Identification of expression and prognostic value of IRRGs. A, B Heatmaps showing the expression of 35 IRRGs in PR and PD patient 
samples before and after treatment and in GSE173097 with normal tissues and primary cervical tumors. C, D Survival map of downregulated 
and upregulated IRRGs in PR patient after treatment across TCGA tumors. E, F Univariate and multivariate Cox regression of nine-candidate 
prognostic IRRG signature. G, H Kaplan–Meier (KM) analysis of prognostic factors for survival in TCGA CC database
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patient who is sensitive to anti-PD-1 therapy. Univariate and multivariate Cox regression (Fig. 5E, F) and Kaplan–Meier 
analyses (Fig. 5G) were performed to identify prognostic genes.

Then, we applied LASSO Cox regression to construct an IRRG model using TCGA database (Fig. 6A, B). Finally, nine 
candidates, CTLA4, AZU1, C5, LAT, CXCL2, GDF7, MPL, PPARG, and CELA1, were identified. We further calculated the risk 
score according to the following formula: risk score =

∑n

i=1
Coef i ∗ Xi (Table 2). The patients were divided into high-risk 

and low-risk groups by the median and best cutoff values. The high-risk group had worse OS and PFS rates than the 
low-risk group with the best and median cutoff values (Fig. 6C–F), with 64.4% and 71.0% 5-year OS rates and 72.9% and 
71.0% 5-year PFS rates in the high-risk group compared with 84.6% and 88.1% and 96.2% and 82.8% in the low-risk group 
(Table 2). In addition, the negative predictive value (NPV) of the IRRG model for PFS was 96%, and the positive predictive 
value (PPV) for OS was 36% (Table 2). The specificity and sensitivity of the IRRG signature in predicting 1-, 3-, and 5-year 
OS and PFS for CC patients were validated by the area under the curve (AUC) value. (Fig. 6E, F). Overall, the IRRG model 
is a promising prognostic signature for CC patients.

3.7 � The IRRG model was an independent prognostic factor with potential clinical value

To validate whether the IRRG model was an independent predictor of OS, we first performed multivariate Cox regression 
with age, grade, tumor, nodal metastasis and IRRG model risk score. The results showed that nodal metastasis (P = 0.006) 
and high-risk score (P < 0.001) were independent prognostic factors (Fig. 6G). Then a nomogram was constructed with 
these two independent prognostic factors (C-index = 0.688), which had moderate accuracy in predicting patients’ 1-,3-, 
and 5-year survival probabilities and served as a clinical prognostic approach for CC patients.

3.8 � The IRRG model was associated with the TME

We then wanted to determine the correlation of our model and the TME to determine whether the IRRG model could 
reflect the TME to some extent. As a result, a high-risk score was associated with lower ESTIMATE, immune, stromal scores 
and higher tumor purity with P < 0.05 (Fig. 7A). Correlation analysis was further conducted between the risk score and 
TME. There was a significant negative correlation between the risk score and TME (Fig. 7B). Immune cells play pivotal roles 
in the TME, and different proportions may reflect different clinicopathological characteristics [33]. Thus, we performed 
correlation analysis between the IRRG model and immune cell proportions with ssGSEA. Subtypes of T cells including 
helper T cells, regulatory T cells, cytotoxic cells, CD8 T cells, Tcm cells and Tem cells, were negatively correlated with the 
IRRG model, while Th17 cells, eosinophils and NK CD56bright cells seemed to have a weak relationship with the risk score 
(Fig. 7C). The correlations between immune cells are shown in Fig. 7D. NK-CD56bright cells were negatively correlated 
with some infiltrated immune cells, including activated Th2 cells, Tcm cells, and dendritic cells (Fig. 7D).

3.9 � The IRRG model is associated with TMB

TMB is another important biomarker for an effective immunotherapy response. We observed that the risk score was 
weakly negatively associated with TMB (P = 0.037, R = − 0.12) (Fig. 7E). However, no obvious significant difference in TMB 
was observed between the two risk score clusters (Fig. S1A) and survival analysis revealed that CC patient prognosis was 
not related to TMB (Fig. S1B, C). Nevertheless, interestingly, bivariate analysis combining the risk score and TMB showed 
that patients with high TMB and high-risk scores had the poorest prognosis (Fig. 7F).

3.10 � Validation of the gene panel expression in CC by qPCR and RNA‑seq

At the end of the study, we verified IRRG expression both in the TCGA CC database and in our Qilu CC tissue samples. MPL, 
C5, GDF7, AZU1, LAT and PPARG were expressed at low levels in CC tissues compared with normal tissues at the mRNA 

Fig. 6   Construction of IRRG model and its predictive value for OS. A The LASSO was used to validate IRRG model parameter selection. B The 
LASSO coefficient map of IRRG model. C, D KM curves of overall survival (OS) and progression free survival (PFS) for CC patients divided by 
the best cutoff values from TCGA database. E, F KM curves of OS and PFS for CC patients divided by the median values from TCGA database. 
G, H Receiver operating characteristic (ROC) curves of IRRG model for OS and PFS prediction. I Multivariate Cox analysis of age, grade, tumor, 
metastasis and IRRG model with OS. J Construction of nomogram including nodal metastasis and risk score to predict CC patient OS
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level (Fig. 8A). We also observed consistent significant expression differences in these IRRGs in our Qilu cohort, including 
6 patients with CC and normal tissues. However, CTLA4, CXCL2 and CELA1 showed slightly different tendencies in the 
two databases, indicating that more samples need to be enrolled to perform verification (Fig. 8B).

4 � Discussion

The prognosis of patients with recurrent cervical cancer remains dismal due to less precise strategies and ineffec-
tive prognostic biomarkers for screening specific patients [34]. Immunotherapy is approved for CC patients who are 
positive for PD-L1 or who have the “MSI-H/dMMR” subtype gene mutation [35]. However, whether the indications are 
suitable and effective requires discussion. In our study, the enrolled patients all positively expressed PD-L1. Never-
theless, we found that not all PD-L1-positive patients responded to anti-PD-1 therapy. Three patients whose PD-L1 
CPSs were 15, 2, and 2 had PD. Only 1 patient whose CPS was 12 achieved PR. Hence, there is an unmet clinical need 
to identify effective biomarkers for anti-PD-1 application to improve patient outcomes in treating CC.

Blood-based testing is a promising approach for earlier diagnosis and prognostic analysis and continuous monitor-
ing, which could replace more invasive tissue sampling and examinations. Analyzing RNA from whole blood samples 
is technically rather simple, yet very informative. A recent study demonstrated that the whole blood transcriptome 
predicts gene expression for other tissues in the body [36]. The expression level of many transcripts in blood cells 
are also responsive to their micro-environment [37]. In order to find biomarkers for these purposes and identify the 
underlying mechanisms of effective response to PD-1 antibody therapy, we compared the biological condition and 
signs of PR and PD patients at baseline and after treatments using their whole blood RNA-seq data.

Growing evidence indicates that an activated immune system is the cornerstone for effective immunotherapy 
responses [38–40]. While inflammatory response is a crucial driver of immunotherapy resistance [41]. Importantly, 
in our study, vibrant and mobilized immune-related pathway function and low pretreatment levels of inflammation 
markers were identified in PR patient at baseline. The inflammation-related signaling pathways such as NF-kB, TNF, 
MAPK and IL-17 signaling pathways were identified downregulated in PR patient. Furthermore, GO and KEGG path-
ways such as recruitment of T-cell subsets and leukocyte migration were significantly found, which could indicate 
that PR patient had less inflammation and a better immunity status, so she might have a stronger immune system 
function to react to PD-1 monoclonal antibody treatment.

Inflammation participates in tumorigenesis and predisposes patients to all stages of cancer development [42]. 
Studies have elucidated that inflammatory mediators are often associated with multiple tumor properties [18]. Pre-
vious reports have found that the induction of inflammation, such as the nuclear factor-kappa B (NF-kB)-activated 
signaling pathway, results in tumor progression and metastasis [43, 44]. Similarly, IL-17 is another signaling pathway 
triggered by inflammatory cytokines that can promote tumor proliferation [45].

Table 2   Clinical significance 
of the 9-IRRGs signature-
based risk score in predicting 
prognosis of patients in 
cervical cancer

OS overall survival; PFS progression-free survival; PPV positive predictive value; NPV negative predictive 
value

The best cutoff of survival analysis was calculated by R package

Index Cutoff High risk cases Low risk cases 5-Year survival rate P-value PPV% NPV%

High risk Low risk

OS Median 152 152 0.710 0.881 p < 0.001 29 12
PFS Median 152 152 0.710 0.828 p = 0.002 29 17
OS Best 76 228 0.644 0.846 p < 0.001 36 15
PFS Best 251 53 0.729 0.962 p < 0.001 27 96

Fig. 7   The correlation of IRRG model between tumor immune landscapes and TMB. A The level of ESTIMATE score, immune score, stro-
mal score and tumor purity in high-risk and low-risk score groups. B The correlation analysis of IRRG model and ESTIMATE score, immune 
score, stromal scores and tumor purity. C Correlation analysis of IRRG model and the levels of 24 subtypes of immune cells evaluated by the 
ssGSEA algorithm. D Correlation analysis of immune cells. E The correlation between IRRG model and tumor mutation burden (TMB). F KM 
analysis of patients with risk score and TMB
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Intriguingly, we compared the DEGs in PR patient after anti-PD-1 monotherapy to those in PD patients and found 
that those changing-fate DEGs were highly enriched in the immune-related pathways and inflammatory processes 
annotated by GO and KEGG databases, with nearly 10% of them being inflammatory and immune-related genes. This 
phenomenon suggested that boosting the immune system and lowering the risk of inflammatory responses might be 
important prerequisites for an effective response to PD-1 antibody treatment. This is the reason that we emphasized 
understanding the role of inflammatory and immune pathways in response to immunotherapies.

In recent years, in-depth studies have developed a mass of immune-related prognostic signatures to predict 
immunotherapy response and have investigated the relationship between immune landscape and prognosis in 
CC [46–50]. For instance, Yu et al. [51] established an immune infiltration-based signature and demonstrated that 
a better prognosis in CC patients seemed to be relatively immune-inflamed with greater immune cell infiltration, 
which was consistent with our findings. Li et al. [33] established a classification of immune’s subtypes of CC predict-
ing prognosis and immunotherapy responses. However, the association of immune infiltration and inflammation 
was not definitively pinpointed; and the signatures were based on bioinformatics analysis of public data and lacked 
recruited verification cohorts for predicting immunotherapy response. Here, for the first time, to delineate vital mark-
ers and signals that affect inflammation and immunity during tumor development and immunotherapy efficacy, 
we identified and established an independent inflammatory and immune–related prognostic model derived from 
our own clinical whole blood transcriptome for CC patients. Due to the relative scarcity of appropriate whole blood 
transcriptome verification datasets of CC patients thus far; and it has been shown that the whole blood transcriptome 
possesses > 80% expression similarity to other tissues of the human body [37]; the changes in the expression levels of 
individual genes reflect alterations in the environment of whole blood and may also reflect organ-specific changes 
[37]; additionally, extending whole blood transcriptomics to tissues seems extremely promising, considering that 
blood might reflect tumor tissue transcriptional changes to some extent. Hence, we used the TCGA CC tumor tissue 
database for IRRG model verification to obtain a comprehensive characterization of the whole blood and tumor tissue 
transcriptomic signature. We evaluated the clinical outcomes, TME and TMB of CC patients using this model. A high 
risk score was significantly associated with poor prognosis. In addition, patients with high risk scores exhibited lower 
ESTIMATE, immune and stromal scores, higher tumor purity and no significant relevance to TMB. High enrichment of 
tumor-infiltrating lymphocytes (TILs) in the TME has previously been found in the remaining tumor and is strongly cor-
related with tumor progression, aggressiveness, and sensitive responses to immunotherapy [39, 52]. We found IRRG 
model risk score negatively correlated with multiple subtypes of T cells such as including helper T cells, regulatory T 
cells, cytotoxic cells, CD8 T cells, Tcm cells and Tem cells, suggesting a close linkage between IRRG model and TME.

The nine prognostic IRRGs perform vital functions and cover many aspects of inflammation and immune processes. 
For example, LAT and CTLA4 are associated with T-cell activation and suppression [53, 54]. ELANE and AZU1 regulate 
antimicrobial activity and monocyte chemotaxis and act as important mediators of inflammation [55, 56]. MPL may 
regulate TPO-R-dependent immunological responses as a receptor for thrombopoietin [57]. GDF7 may serve as a ligand 
of the TGF-β superfamily. C5, which encodes a component of the complement system and has previously been shown 
to be significantly differentially expressed in anti-PD-1 treatment-resistant and -sensitive melanoma patients [58], was 
upregulated in PR patient. CXCL2 is a chemokine that exhibits an antimicrobial function as part of secreted proteins in 
immune and inflammatory processes [59], and it was also upregulated in PR patient. The expression of these nine can-
didate genes was verified by qPCR, transcriptome analysis from our own dataset and the TCGA CC database.

However, human cancers show great heterogeneity based on different genetic backgrounds, environments, habits, 
microbes and virus proportions [18]. Our limitations are that few patients were enrolled in this study to eliminate indi-
vidual differences, and the study lacked another independent whole blood transcriptome dataset to verify the IRRGs 
as sensitive biomarkers for the selection of patients with an effective anti-PD-1 response. In the coming future, we will 
collect more clinical specimens to better confirm our conclusion.

5 � Conclusion

As inflammation and antitumor immunity play instrumental roles in tumorigenesis [42], it is imperative to discover 
essential immune and inflammatory pathways in immunotherapy resistance. In conclusion, we explored inflammatory 
and immune pathways and identified an independent prognostic IRRG model to predict survival and the response to 
PD-1 monoclonal antibody treatment in patients with CC, which could also reflect immune infiltration status. Our study 
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Fig. 8   Validation of the IRRG panel mRNA expression in CC and normal cervical tissues by public database and qPCR. A The mRNA expres-
sion levels of nine signature IRRGs identified in PR patient after treatment by RNA-seq were verified in CC tissues (n = 112) and normal cervi-
cal tissues (n = 13) in TCGA database. B The mRNA expression levels of nine IRRGs in CC (n = 3) and normal cervical tissues (n = 3) by qPCR. 
*P < 0.05, **P < 0.01, ***P < 0.001
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sheds light on the potential of combinational biomarkers for immunotherapy to improve anti-PD-1 therapeutic efficacy. 
Future research is undoubtedly needed to uncover the molecular mechanisms of immunity and protumor inflammation, 
especially in increasing the effectiveness of immunotherapy.
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